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ABSTRACT 

AI Adoption in Software Development Teams 

 

This thesis investigates the factors affecting the adoption of Artificial Intelligence, 

with focus on Large Language Models (LLMs), among software professionals. 

Previous technology adoption literature is examined, and a novel adoption model is 

suggested based on Unified Theory of Acceptance and Use of Technology (UTAUT) 

and Protection Motivation Theory (PMT). The model aimed to explain the adoption 

factors by considering both benefit and risk perceptions associated with LLMs use. 

The model is tested using survey data collected from 151 respondents and examined 

using Partial Least Squares Structural Equation Modelling (PLS-SEM). From a 

theoretical perspective, this study contributes to existing technology adoption 

literature by extending with PMT integration, offering a systematic approach to 

incorporate risk perception into LLM adoption. The results reveal that adoption 

decisions are predominantly benefit-driven, as performance expectancy, effort 

expectancy, and task efficiency positively influence adoption intention. On the other 

hand, PMT constructs did not exhibit a direct effect on adoption intention, suggesting 

that risk perceptions do not yet play a decisive role in Large Language Model 

adoption among software professionals. 
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ÖZET 

Yazılım Geliştirme Ekiplerinde Yapay Zekanın Benimsenmesi 

 

Bu tez, yazılım geliştirme ekiplerinde, Yapay Zekanın, özellikle Büyük Dil 

Modellerinin (BDM), benimsenmesini etkileyen faktörleri araştırmaktadır. Mevcut 

teknoloji benimseme literatürü incelenmiş ve Teknolojinin Kabulü ve Kullanımı için 

Birleştirilmiş Teori (UTAUT) ile Koruma Motivasyonu Teorisi’ne (PMT) dayanan 

özgün bir benimseme modeli önerilmiştir. Bu model, BDM kullanımına ilişkin fayda 

ve risk algılarını birlikte ele alarak benimseme faktörlerini açıklamayı 

amaçlamaktadır. Model, 151 katılımcıdan toplanan anket verileriyle test edilmiş ve 

Kısmi En Küçük Kareler Yapısal Eşitlik Modellemesi (PLS-SEM) yöntemi ile analiz 

edilmiştir. Kuramsal açıdan bakıldığında, bu çalışma mevcut teknoloji benimseme 

literatürüne PMT entegrasyonu ile katkı sağlamakta; BDM benimsenmesine risk 

algısını sistematik biçimde dahil eden bir yaklaşım sunmaktadır. Bulgular, 

benimseme kararlarının büyük ölçüde fayda odaklı olduğunu göstermektedir; 

performans beklentisi, çaba beklentisi ve görev verimliliği benimseme niyeti 

üzerinde pozitif etki yaratmıştır. Buna karşın, PMT yapıları benimseme niyeti 

üzerinde doğrudan bir etki göstermemiştir; bu da, yazılım profesyonelleri arasında 

Büyük Dil Modeli benimsenmesinde risk algılarının henüz belirleyici bir rol 

oynamadığını ortaya koymaktadır. 
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CHAPTER 1 

INTRODUCTION 

 

Artificial intelligence (AI) popularity is increasing since late 2022, when advanced 

text generation tools began receiving widespread attention when OpenAI pioneered 

their chatbot. It has entered sectors such as healthcare (Bekbolatova et al., 2024), 

education (Adiguzel et al., 2023), economy (Gonzales, 2023) and software 

development (Chen et al., 2021). These technologies have not only used for personal 

experiments, but they have been integrated into professional workflows. One 

significant advancement is the rise of Large Language Models (LLMs). Such models 

use Deep Learning algorithms to generate human-like text (Brown et al., 2020; 

Chowdhery et al., 2023; Touvron et al., 2023). LLMs are a milestone in AI history 

with their use of the Transformer architecture which enables them to process and 

produce long text with context-aware precision and fluency (Vaswani et al., 2017). 

Software teams increasingly use LLMs for various tasks and these models are 

becoming an integral part of the software development workflow. Their applications 

span the entire development lifecycle, from initial requirement gathering through 

code creation to troubleshooting and ongoing maintenance activities (Chen et al., 

2021; Fan et al., 2023). Some researchers revealed that their adoption leads to higher 

productivity, reduced error rates and increased quality through automation of routine 

coding tasks and assisted problem solving (Fan et al., 2023).  

However, the widespread integration of AI technologies into existing 

software development processes also poses challenges such as hallucinations, legal 

uncertainties or ethical concerns that could impact both the effectiveness and 

acceptability of such technologies in professional settings (Huang et al., 2025).  
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At the same time, using LLMs is not always straightforward. One concern is 

that these models can sometimes give answers that seem accurate but are wrong. 

They might generate code that looks plausible but contains logic errors or security 

issues that are easy to miss (Mohsin et al., 2024). These kinds of mistakes, often 

called "hallucinations", can be especially risky in situations where the software must 

be reliable and precise in domains such as healthcare (Huang et al., 2025). 

Another important issue is related to legal risks. Since LLMs are trained on 

large volumes of data, they can end up reproducing copyrighted content violating 

intellectual property laws (Liu et al., 2024). They can expose personal information 

(Borji, 2023; Carlini et al., 2021) or sensitive business data (Carlini et al., 2021; 

Khan et al., 2024) violating data protection regulations like the General Data 

Protection Regulation (GDPR) (Feretzakis et al., 2025). Many studies highlights that 

LLMs generate biased output (Borji, 2023; Dastin, 2022; Fuster et al., 2022; Garcia 

et al., 2024; Vig et al., 2020). This bias stems from the training data which can result 

in unfair outputs (Fuster et al., 2022). Beside these concerns, there is confusion about 

who is responsible when problems arise from content generated by an AI system 

(Novelli et al., 2024). 

Various studies have identified and also formulated risk mitigation strategies. 

There are different strategies that can be employed at the organizational or individual 

level. For instance, Wang and Chen (2023) suggest that rigorous review processes by 

human developers can mitigate legal and security risks. Varghese and Thomas 

(2024) suggest training developers on the limitations and security pitfalls of using 

AI-generated code. The European Union's AI Act has established strict requirements 

for human oversight in AI systems deployment. This emphasis on human validation 

reflects a growing consensus among regulators and researchers. Despite the 
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capabilities of LLMs to generate code, human expertise remains essential for 

verifying quality, security and compliance aspects of AI-assisted software 

development. 

Understanding software professionals' responses to emerging LLM 

technology requires examining both risk perception and benefits through established 

theoretical frameworks. In the Management Information System (MIS) literature, the 

Protection Motivation Theory by Rogers (1975) provides insights for this study’s 

investigation of LLM risks. PMT explains how individuals evaluate risks and adopt 

protective behaviors based on their perception of vulnerability, severity, response 

efficacy and self-efficacy. In the context of LLM usage, PMT helps explain how 

software professionals assess potential risks in their development processes and 

subsequently implement mitigation strategies. On the other hand, LLMs have also 

brought immense amount of benefits to software development through automated or 

assisted code optimizations  (Shypula et al., 2024), code generation (Jiang et al., 

2024), debugging (Tian et al., 2024) or documentation (Dvivedi et al., 2024; J. Y. 

Khan & Uddin, 2023). Given these applications, benefit factors cannot be ignored 

when studying LLM adoption. Therefore, benefit factors from the Unified Theory of 

Acceptance and Use of Technology (UTAUT) by Venkatesh et al. (2003) were 

employed, which will be used to study the performance expectancy, effort 

expectancy and task efficiency that drive technology adoption of LLMs. With these 

theoretical underpinnings, this study has introduced a new conceptual model that 

accounts for both the protective motivations arising from perceived risks and the 

utilitarian motivations arising from perceived benefits of LLM integration in 

software development. 
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In essence, the current literature provides pieces of the puzzle. There are 

studies about adoption trends (Weisz et al., 2024), anecdotal developer concerns 

(Kuhail et al., 2024) and evidence of technical risks (Pearce et al., 2022) – but to our 

knowledge, no prior work has yet developed a conceptual model integrating PMT 

(Rogers, 1975) and UTAUT (Venkatesh et al., 2003) to understand the risk 

perceptions of software professionals compared to the benefits of a new technology. 

To this end, it is aimed to fill this gap in the literature with a questionnaire of 

software professionals about their risks perception and adoption of LLMs and study 

the results with a custom model based on PMT and UTAUT. 

The literature review part begins by introducing background knowledge for 

the Software Development Life Cycle (SDLC), outlining its phases and different 

applications of it over time. Next, historical perspective on LLMs starting from their 

development from statistical models to current Transformer-based architectures 

provided. The review will then examine the intersection points between these two 

fields, highlighting how LLMs are being integrated into various SDLC phases, from 

requirements gathering to maintenance. After this, the risks associated with LLM 

outputs in software development will be analyzed. The literature review will 

conclude by exploring emerging mitigation strategies for these risks. 

To understand software professionals' perspectives on LLM adoption, a 

quantitative survey conducted based on the conceptual model combining PMT and 

UTAUT. Partial Least Squares Structural Equation Modeling (PLS-SEM) is employed 

to analyze the relationships between perceived risks, benefits, and adoption behavior.   

This study aims to fill in the gap for a quantitative study for the adoption of 

LLMs in software teams including risk factors of LLMs. To this end, this study aims 

to answer following questions: 
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● What are the factors that influence software professionals’ decision to 

adopt LLM in their work? 

● To which extent do the factors matter? 

This thesis is organized as follows: This chapter introduced the context of the 

study, outlined the theoretical background, and presented the research objectives. 

Chapter 2 reviews the literature on the Software Development Life Cycle, the 

emergence and capabilities of Large Language Models, their integration into 

software development life cycle, and the associated risks and mitigation strategies. 

Chapter 3 introduces the theoretical model developed through the integration of 

Protection Motivation Theory and the Unified Theory of Acceptance and Use of 

Technology and presents the hypothesis. In the following Chapter 4, the research 

design is outlined, including details of the survey instrument, data collection 

procedures, and analysis method. In Chapter 5, the analysis results are presented. 

Finally, Chapter 6 concludes the thesis with a discussion of the findings, 

implications, limitations and future research directions. 
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CHAPTER 2 

LITERATURE REVIEW 

 

2.1  Software development life cycle (SDLC) 

The Software Development Life Cycle (SDLC) is a structured process for creating 

software systems from inception to completion. SDLC defines the entire procedures 

of software development step by step. Various software development methodologies 

have emerged to implement SDLC in projects (Sommerville, 2016). 

Traditional SDLC methodologies include the Waterfall methodology, 

iterative methodology, spiral methodology, V-model, and Agile (Balaji & 

Murugaiyan, 2012). Each of these methodologies differs in their way of managing 

the development process. Their applicability depends on project requirements, team 

dynamics, and organizational priorities. 

Understanding the SDLC phases could increase team productivity by 

adjusting the development paradigm better to the project requirements. Each 

methodology influences the responsibilities of team members and how they 

collaborate in different ways. In the Waterfall methodology, tasks are divided into 

distinct phases with clear handoffs between roles in a goal- and plan-oriented manner 

(Balaji & Murugaiyan, 2012). For instance, business analysts focus on requirement 

gathering, which is followed by designers creating the system architecture, then 

developers implementing the solution, and finally testers ensuring quality before 

deployment. Conversely, in the Agile methodology, roles are more fluid and 

collaborative. Teams include a Scrum Master for processes, product owners who 

continuously refine requirements based on stakeholder feedback and the remaining 
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roles named developers who have done the development and testing (Alsaqqa et al., 

2020).  

These differences in team roles are related to the structure of SDLC itself. 

SDLC consists of analysis, design, implementation, testing, deployment, and 

maintenance phases  but can adapt based on the chosen methodology (Alsaqqa et al., 

2020). For instance, Scrum, an agile framework, includes three main phases in its 

lifecycle, namely outline planning or the pre-sprint phase, the development or the 

sprint phase, and the project closure phase (Alsaqqa et al., 2020).  

Roles and responsibilities in software development further reflect these 

methodological differences, starting from the first phase — analysis. This phase 

involves activities like gathering stakeholders' needs and expectations and elicitation 

of these requirements. It typically falls under the responsibilities of business analysts 

(BABOK, n.d.). The role plays a critical part in requirements elicitation to document 

the necessary information. 

The next phase is the design phase. In this phase, it is expected to specify the 

software components and the entire system architecture. It includes selecting 

appropriate technologies and designing databases and user interfaces. These designs 

are typically led by software architects. The purpose is to ensure that the design 

aligns with the project requirements while prioritizing systems’ maintainability and 

scalability (Sommerville, 2016). 

After the design phase, the next step is development, also known as the 

implementation phase. This phase involves translating design documents into 

executable code. During this phase, developers are the responsible for writing code, 

performing code tests, and integrating components. Their primary goal is to create a 

functional software that meets to the project specifications (Sommerville, 2016). 
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The next phase is testing. It is initially carried out by programmers who 

identify and resolve errors themselves, ensuring the software behaves as intended. 

Following this, the quality assurance team takes over, and verifies functionality and 

performance (Naik & Tripathy, 2011). This exhaustive testing prevents issues during 

production deployments. 

Lastly, the maintenance phase focuses on updates on the system and 

supporting users. Maintenance phase, also known as post-deployment, responsible 

for keeping the software functional, maintaining its security, and supporting the 

evolving stakeholder requirements. It helps maintain code quality (Gokarna & Singh, 

2021). Maintenance activities can be corrective such as addressing bugs, adaptive 

such as transforming to new technologies, perfective such as enhancing performance, 

and preventative such as preventing future problems. Dedicated maintenance teams 

manage these tasks. DevOps is also part of the maintenance phase and introduces 

continuous integration (CI) practices, allowing developers to frequently merge code 

changes into a shared repository while ensuring that these changes pass all tests 

(Gokarna & Singh, 2021). 

 

2.2  Large language models (LLMs) 

Artificial Intelligence (AI) is a computer science discipline of creating something 

that does not depend on preprograming all problem-solving behaviour (Fogel, 2022). 

It had a profound impact on various fields including the economy (Gonzales, 2023), 

society (Gruetzemacher & Whittlestone, 2019) and education (Adiguzel et al., 2023). 

One notable advancement has been development of systems capable of 

understanding and generating human-like text. 
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LLMs are trained on extensive datasets and generate human-like text (Brown 

et al., 2020). Recent models are using the Transformer architecture, introduced by 

(Vaswani et al., 2017), which processes text by understanding the relationships 

between all the words in a sentence. 

 

2.2.1  History 

The journey of language models began with the need to enable computers to 

understand and generate human language (Brown et al., 2020). Early studies (Brown 

et al., 1992; Jelinek, 1998) focused on statistical models for predicting word 

sequences, such as n-grams, which predict the likelihood of a word based on the 

previous few words. While effective for simple tasks, these models struggled with 

understanding longer sentences and context which limit their utility.  

Following the limitations of statistical models, neural language models 

(NLMs) are the next milestone in language modelling. By using neural networks, 

they address the shortcomings of their predecessor models. These models represent 

words as continuous vectors in a high-dimensional space which capture semantic 

relationships (Bengio et al., 2000). Back in the early days of neural network research, 

feedforward models were the foundations of more advanced architectures. However, 

they processed information in a single direction and could not really handle broader 

context (Bengio et al., 2000). This limitation eventually led researchers to develop 

Recurrent Neural Networks (RNNs). Researchers introduced these networks to keep 

earlier inputs in memory. What made RNNs valuable was their ability to preserve a 

running internal state, described as a “hidden state”, which helped link new inputs to 

previous ones. This made RNNs useful in tasks like language modelling, where 

understanding the broader sentence is often necessary for interpreting each word 
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correctly. That said, these models were not without limitations. One problem was the 

vanishing gradient problem, which made it hard for them to learn long-range 

dependencies between words effectively. 

To address this limitation, Long Short-Term Memory (LSTM) networks is 

introduced, which extend the capabilities of RNNs. LSTMs are differentiated from 

RNNs by using internal gates mechanisms that regulate the flow of information by 

determining what to input, forget, and output. These input, forget, and output gates, 

allowing the model to operate with greater selectivity. As a result, LSTMs are more 

effective in modelling long-range dependencies in data and help to mitigate issues 

RNNs have faced such as vanishing gradients (Hochreiter & Schmidhuber, 1997). 

An example of LSTMs application is machine translation, where LSTMs can align 

meanings across languages, even when related terms are separated by considerable 

distance within a sentence. Despite their advantages, LSTMs are computationally 

expensive and struggle with very long sequences. 

Various machine learning algorithms have played roles in different aspects of 

language processing alongside RNN and LSTM. Within the supervised learning 

paradigm, traditional algorithms, such as Naive Bayes and Support Vector Machines 

(SVMs) were effective for specific tasks like text classification, spam detection and 

sentiment analysis (Goswami et al., 2020). In the unsupervised learning methods, 

such as K-means clustering were used on unlabeled data. They were applied to large 

datasets to cluster them and reduce their dimensionality to reveal their hidden 

structures (Hastie et al., 2009). While these earlier models improved upon earlier 

statistical models, they struggled with long-term dependencies and context, 

highlighting the need for more sophisticated approaches like networks with more 
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layers and more sophisticated architectures, such as Transformer (Vaswani et al., 

2017).  

Transformers, introduced by (Vaswani et al., 2017), unlike previous models, 

used a mechanism called self-attention. This mechanism allows them to consider all 

words in a sentence at once rather than processing them sequentially. This innovation 

enabled the models to handle larger datasets as well as modelling the relationships 

between words. When exposed to larger datasets, these models better learn the 

statistical properties of language, including grammar, syntax, semantic and 

contextual relationships between words, phrases, and paragraphs. This increased 

language understanding in turn allows the models to better understand language and 

generate coherent texts. 

Transformers became the foundation for today’s LLMs, such as BERT 

(Devlin et al., 2018) and GPT series (Brown et al., 2020). They perform well in 

different applications from chatbots to text summarization. While BERT established 

transfer learning for understanding tasks, powering applications like semantic search 

and text classification, GPT focused on generative capabilities, enabling machines to 

produce contextually appropriate text. Both models influenced most of the 

subsequent LLMs. 

Modern language models  are trained on massive amounts of data and contain 

billions of parameters that allow the models to perform code generation and writing 

auto-completion, grammar assistance, game narrative generation, improving search 

engine responses, and answer questions with minimal or no additional training 

(Brown et al., 2020). These models show the importance of combining scale, data 

and continuous architecture improvements. 
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As LLMs continue to evolve, their potential to transform industries and 

enhance human-computer interaction grows, but so do concerns about ethical use and 

biases (Bender et al., 2021), which are yet to be fully addressed and thus remain an 

active research area. 

Figure 1. A brief history of language model 

 

2.2.2  Capabilities and features of LLMs 

LLMs exhibit exceptional natural language generation abilities. These capabilities 

enable them to engage in a wide range of complex tasks. For instance, they can 

translate languages with high accuracy. Text summarization is another strength, 

allowing LLMs to condense long documents while preserving key information. They 

excel at question answering by retrieving relevant information and formulating 

coherent responses. Creative applications include writing poetry, fiction, and 

generating high-quality blog posts. LLMs can maintain contextual awareness in 

conversations, responding appropriately to various prompts. They can explain 

complex subjects, concepts, and themes in accessible ways. Additionally, these 

models can analyze existing code to fix errors or generate entirely new code based on 

specifications (Adiguzel et al., 2023). 

Their architecture allows them to maintain context over long sequences of 

text, understand nuanced meanings, and generate contextually appropriate outputs. A 

key feature of LLMs is their adaptability through zero-shot and few-shot learning 

capabilities. Zero-shot learning means the model's ability to perform tasks without 

any specific training examples. They rely on task descriptions or instructions. Few-
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shot learning enables models to learn new tasks with a minimum number of 

examples. Typically ranging from one to a few dozen samples (Brown et al., 2020). 

These capabilities are enhanced more with prompt engineering techniques, such as 

Chain-of-Thought prompting, which guides the model through step-by-step 

reasoning processes (Li et al., 2024). 

 

2.2.3  Training of LLMs 

Pre-training and Fine-tuning 

Large Language Models are trained in two stages which are pre-training and fine-

tuning. Pre-training allows the model to learn language structures and semantics by 

training on large, diverse datasets. Fine-tuning enables the LLM to specialize in a 

specific task. With this approach, models can acquire the ability to solve domain-

specific tasks (Brown et al., 2020; Devlin et al., 2018). 

In the pre-training phase, LLMs are exposed to a wide range of text such as 

books, articles, and websites. In this process, training is unsupervised because it does 

not require labeled data. Instead, the model learns patterns by predicting the next 

token from data samples  (Liu et al., 2024). 

After pre-training, LLMs are fine-tuned to adapt their language understanding 

to domain-specific tasks. In this stage, it involves supervised learning. The model is 

trained on a curated dataset containing examples relevant to the target task (Liu et al., 

2024). Fine-tuning for software development domain might include code snippets, 

programming documentation, or problem descriptions. Fine-tuning increases the 

model’s ability to produce syntactically and semantically more accurate code. The 

final models can be used for tasks like code generation, debugging, and code 

completion. Research by Chen et al. (2021) demonstrated that fine-tuning LLMs on 
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code repositories significantly improves their performance in code understanding and 

generation which makes them more useful for software developers. 

 

2.3  Applications of LLMs in software development 

LLMs have transformed various aspects of software development through their 

diverse applications (Chen et al., 2021). Software development tasks vary from 

routine code maintenance to designing system architecture. Each activity requires 

different levels of time investment and expertise. By integrating LLMs into these 

activities, development teams can receive intelligent assistance across this spectrum 

of tasks. This integration accelerates development cycles and potentially improves 

code quality by reducing common programming errors and suggesting more 

sophisticated solutions that might not be immediately apparent to developers 

(Wadhwa et al., 2023). 

These benefits materialize across a wide range of concrete software 

development applications. LLMs have been successfully deployed for tasks such as  

code completion, code translation, code repair, and code summarization (Hou et al., 

2024). Fan et al. (2023) notes that when LLMs are fully integrated into the software 

lifecycle they will drive coding, design, requirements, repair, refactoring, 

performance improvement, documentation, and analytics.  

 

2.3.1  Code generation and improvement 

A particularly relevant application of LLMs is code generation, which aligns closely 

with software developers’ core responsibilities. Code generation is the 

transformation of natural language descriptions into corresponding code 

implementations (Jiang et al., 2024). LLMs have shown to be capable of producing 



 15 

 

sound code- syntactically correct code, follows programming language rules and 

executes without errors to achieve its intended functionality. While LLMs can 

generate boilerplate code, they are also capable of generating common code patterns 

for several programming languages. LLMs can solve complex algorithmic 

challenges, such as tools like GitHub Copilot, powered by OpenAI’s Codex leverage 

pre-training on extensive datasets containing natural language and source code to 

produce outputs tailored to user-defined specifications (Chen et al., 2021). 

LLMs are trained on diverse datasets (Fan et al., 2023) to understand the 

syntax and semantics of programming languages, along with a variety of common 

patterns. This comprehensive training enables them to develop an understanding of 

code structure and relationships between different programming elements. Building 

upon this foundation, LLMs can analyze both immediate context and overall 

program structure. For example, codex and codellama can determine the function of 

identifiers in code. This allows the model to understand the behaviour of code and 

detect logical flaws, such as incorrect checks, then recommend corrections based on 

the intended behavior (Lee et al., 2024). 

Expanding the potential applications, LLMs can optimize code with regards 

to algorithmic complexity or runtime performance. Shypula et al. (2024) introduce a 

framework that adopts LLMs for high-level code optimizations. The authors trained 

an LLM to suggest performance-optimizing code edits. Their results demonstrate 

that LLMs can be adapted to optimize code, achieving performance improvements 

exceeding those made by human programmers.   

In a complementary study, Dou et al. (2023) investigated LLMs’ ability to 

identify duplicate code fragments that can adversely affect software maintainability. 

They compare LLMs across different clone types, programming languages and 
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prompting techniques. The authors’ findings indicate that LLMs excel in identifying 

complex semantic clones, surpassing previous methods. These research findings 

collectively demonstrate that LLMs are becoming an integral part of the software 

development workflows. 

 

2.3.2  Software quality assurance 

The correctness and behavior of software is verified using test cases. There are 

attempts in software quality assurance to leverage LLMs to generate cases and unit 

tests (Tang et al., 2024; Wang et al., 2024). These models are capable of generating 

comprehensive test scenarios. For example, LLMs can be used to generate code that 

determines whether LLM-generated outputs are semantically correct (K. Zhang, 

Wang, et al., 2023). 

In unit test generation, LLMs are capable of generating test suites for diverse 

programming tasks (Pan et al., 2024). ChatUnitTest Chen et al. (2024) leverages 

ChatGPT for automated unit test generation and shows LLMs’ ability to create unit 

tests that validate the expected program behavior. 

 

2.3.3  Assisting in debugging 

Debugging is identifying, analyzing, and resolving errors in code. These errors can 

be syntax errors, logical flaws, or runtime issues. They often require developers to 

identify relevant components in a codebase, logs, and execution traces. Traditionally, 

debugging has been time-intensive and demands a deep understanding of the code, 

expected behavior, and the business context. The use of LLMs has introduced new 

possibilities for the debugging process. LLMs can interpret logs and map errors to 

problematic code parts (Tian et al., 2024).  
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In addition to detection, LLMs can suggest targeted fixes for the identified 

problems. These range from syntax corrections to logical adjustments that require 

understanding the code's intent and context (K. Zhang, Li, et al., 2023). Lee et al. 

(2024) enhance this process by dividing debugging tasks into smaller, manageable 

sub-problems which enable the LLM to handle more complex debugging scenarios. 

Madaan et al. (2023) introduce a method where LLMs generate an initial 

output, evaluate it to identify potential improvements, and then iteratively refine their 

responses based on this self-generated feedback. This process resembles iterative 

improvements performed by humans. Such self-refinement improves the relevance of 

the output and leads to performance improvements across various tasks. 

 

2.3.4  Requirements elicitation  

A requirement is a documented condition, capability, or feature that a system must 

satisfy to meet user needs, business objectives, or regulatory constraints. It defines 

expected properties of the environment that the system must bring about or respond 

to through its interaction with external stakeholders and shared phenomena (“IEEE,” 

1990).  

Requirements need to be turned into user stories. User stories are often 

written by product owners, developers, or agile team members. The process is 

collaborative in nature as capturing end-user needs and prioritizing features requires 

multiple stakeholders (Marques et al., 2024). 

This collaborative requirement elicitation process has traditionally relied on 

human expertise. However, recent studies have demonstrated that LLMs can support 

this area despite its cross-functional complexity. Cosler et al. (2023)’s study has 
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shown that LLMs can assist in converting unstructured requirement descriptions into 

precise and formal specifications. 

A Software Requirements Specification (SRS) is a complete document of 

specification and description of requirements. SRS typically encompass functional 

and non-functional requirements. They detail the role of a system and how to achieve 

them to meet stakeholder needs. Krishna et al. (2024) highlight the ability of the 

models GPT-4 and CodeLlama to draft SRS documents. The research focused on a 

university club management system. The LLMs managed to produce structured and 

sufficiently detailed documents. The findings reveal that the generated documents 

were comparable in quality to ones crafted by entry-level software engineers. This 

shows the models’ potential for translating user needs into actionable requirements 

without sacrificing precision. 

In software engineering, abstract and informal requirements are the norm, 

which cannot be formally verified. To this end, Cosler et al. (2023) introduce 

'nl2spec' which is an LLM that converts unstructured requirement descriptions into 

precise, formal specifications. LLMs understand the semantic intent behind the 

natural language requirements. By parsing and interpreting these inputs, the models 

generate equivalent formal statements compatible with verification tools, which can 

then check that the software system meets the unstructured requirement 

specification. 

Li et al. (2024) emphasize employing Chain-of-Thought (CoT) prompting 

techniques to derive class diagrams from user stories, facilitating the creation of 

conceptual models in agile requirements engineering. In CoT prompting, the model 

is guided to generate intermediate reasoning steps before providing a final output. 
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From drafting SRS and converting unstructured natural language into formal 

specifications, LLMs have become more visible in the requirement engineering area. 

Despite these advancements, there are limitations of LLMs in requirement 

engineering. Contextual understanding of LLMs in addressing ambiguous or multi-

layered requirements will be poor and the necessity for human oversight is 

emphasized (Marques et al., 2024). Additionally, LLMs might produce inconsistent 

responses to similar prompts, which can compromise the reliability of the 

requirements elicitation process. 

 

2.3.5  Assisting in documentation 

Documentation is part of multiple phases in the SDLC lifecycle. LLMs can help with 

documentation during the development phase (J. Y. Khan & Uddin, 2023). Code 

documentation helps developers understand the system behavior and help for future 

decisions better, which makes the code more maintainable. 

LLMs were shown to generate documentation comparable in quality to 

manually code documentation. Khan and Uddin (2023) investigated the capability of 

Codex, a GPT-3-based language model trained on large-scale GitHub repositories, to 

generate documentation automatically.  Their study aimed to assess whether Codex 

could surpass existing models in producing accurate, readable, and informative code 

comments. Through experiments on six programming languages, Codex performed 

the best. Their findings suggest that LLMs like Codex can significantly reduce the 

manual effort required for documentation without compromising quality. 

A similar study is conducted by Dvivedi et al. (2024) comparing different 

language models and their findings suggest that closed-source LLMs, particularly 

GPT-4 and GPT-3.5, are highly effective for automated code documentation, 
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offering accuracy and comprehensiveness comparable to or better than human-

generated documentation. 

Diggs et al. (2024) demonstrated that LLMs were also successfully applied to 

legacy systems. These models can generate clear, automated code documentation 

that explains system functionality, making complex legacy code more 

understandable. This documentation aids in refactoring by helping developers 

identify outdated patterns and understand system behavior without extensive manual 

analysis. 

 

2.3.6  Software maintenance 

LLMs have been used to refactor code (Almeida et al., 2024; Diggs et al., 2024), find 

and fix bugs (C. Lee et al., 2024; Tian et al., 2024) as well as to identify technical 

debt (Maldonado et al., 2017), which refers to the accumulated cost of choosing 

quick but suboptimal solutions during development that may require additional work 

in the future. 

LLMs can analyze entire code bases and identify areas for optimization. 

Examples include improving performance or reducing memory footprint (Shypula et 

al., 2024) . Similarly, LLMs can modernize legacy systems by rewriting outdated 

code constructs and migrating them to newer frameworks (Almeida et al., 2024; 

Diggs et al., 2024). 

LLMs can also improve code maintainability by simplifying or refactoring 

code. For instance, Shirafuji et al. (2023) demonstrated the application of GPT-3.5 in 

proposing simpler versions of Python code that adhere to better coding practices.  

Another application for LLMs are automated bug detection and fixing. 

Hossain et al. (2024) introduced a framework that utilizes LLMs for token-level bug 
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localization and subsequent repair, effectively addressing issues without prior 

knowledge of bug locations. The authors were able to identify potential 

vulnerabilities in code as well as suggesting targeted fixes based on training on 

diverse programming datasets.  

LLMs assist in detecting self-admitted technical debt (SATD) by analyzing 

code comments and documentation (Maldonado et al., 2017). SATD refers to 

instances where developers acknowledge suboptimal code implementations or design 

choices within comments or annotations, indicating areas that may require future 

improvement (Maldonado et al., 2017). Maldonado et al. (2017) developed a 

machine learning classifier using natural language processing (NLP) to automatically 

detect design and requirement-related self-admitted technical debt (SATD) in source 

code comments. Their approach significantly outperformed traditional keyword-

based methods and achieved high accuracy even with a small amount of training 

data. 

While LLMs demonstrate promising capabilities in identifying and managing 

technical debt, their impact on software maintenance efficiency still requires careful 

consideration. LLMs can significantly reduce the initial effort in detecting and 

categorizing maintenance needs, particularly in large codebases where manual 

review would be time intensive. However, applying improvements to the software 

systems still requires human expertise to ensure that proposed changes align with the 

architecture and business requirements. 

The preceding sections have detailed various applications of LLMs across 

different areas of software development. To provide a comprehensive overview of 

these applications on SDLC, Table 1 synthesizes these applications where they 

impact the software development lifecycle. 
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Table 1 LLM applications across the software development life cycle 

SDLC Phase LLM Applications Citation 

Requirements 
LLMs extract and formalize 

user needs into structured 

specifications 

Requirement elicitation Cosler et al. (2023) 

SRS document creation Krishna et al. (2024) 

User story generation Marques et al. (2024) 

  Design 
LLMs translate requirements 

into architectural blueprints and 

design elements 

Class diagram generation Li et al. (2024) 

API design assistance Belzner et al. (2024) 

Implementation 
LLMs generate, complete, and 

optimize code based on 

specifications 

Code generation Chen et al. (2021) 

Code completion Fan et al. (2023) 

Code optimization Shypula et al. (2024) 

Testing 
LLMs create test cases and 

automate verification of 

software quality 

Test case generation Tang et al. (2024) 

Unit test creation Chen et al. (2024) 

Maintenance 
LLMs assist in updating, 

fixing, and improving existing 

software systems 

Bug Fixing Hossain et al. (2024) 

Code refactoring Shirafuji et al. (2023) 

Technical debt management Maldonado et al. (2017) 

Code translation between 

languages 

Roziere et al. (2020) 

Code explanation and 

comprehension 
Diggs et al. (2024) 

 

2.4  Risks of LLMs 

The previous sections outlined the practical benefits and considerations of using 

LLM outputs in different phases of the software development life cycle. This section 

examines the algorithmic and legal risks of LLMs when used within software 

development processes. Furthermore, how the awareness of these risks affects LLM 

adoption is examined. 

The focus is narrowed to two aspects of LLM-generated output. To facilitate 

discussion, an umbrella term 'flawed LLM output' is introduced for LLM output to 
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cover inaccuracies and legally non-compliant outputs. This classification allows us to 

systematically examine how flawed outputs will challenge LLM adoption. 

 

2.4.1  Algorithmic risks of LLMs output 

2.4.1.1  Accuracy and predictability 

LLMs present challenges in software development due to their tendency to generate 

inaccurate and unpredictable outputs. These issues manifest through incorrect 

outputs and a phenomenon known as "hallucinations" (Huang et al., 2025), where 

models produce content that appears valid but contains flaws. 

In software development contexts, these inaccuracies appear across multiple 

domains. For example, (Belzner et al., 2024) discuss the ambiguities and 

inconsistencies in requirements, incorrect or incomplete test cases generated by 

LLMs or quality and limitations of generated code and documentation. Liu et al. 

(2024) provide a framework for understanding these issues by categorizing them into 

intrinsic hallucinations, where outputs contradict source content, and extrinsic 

hallucinations, where models generate unverifiable or irrelevant information. These 

hallucinations can produce code that appears syntactically correct but contains 

semantic flaws, creating challenges for software development projects (Mohsin et al., 

2024). 

The implications of these inaccuracies extend beyond surface-level errors. 

(Mohsin et al., 2024)  identified that LLMs can generate code containing security 

vulnerabilities, creating potential attack vectors for exploitation. This risk is 

exacerbated by developers' tendency to review AI-generated code less rigorously 

than human-written code (R. Wang et al., 2024). Furthermore, LLMs can provide 

misleading explanations that make incorrect answers appear valid (Huang et al., 
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2025). When misinformation perpetuates within the development team, this can have 

ramifications on the project reliability. 

The non-deterministic characteristics of LLM outputs present a challenge for 

code generation. Identical prompts can yield different code outputs across multiple 

executions. This variability stems from the probabilistic mechanism of these models 

during text generation (Fan et al., 2023), making it difficult to maintain consistent 

code generation practices. 

Besides code generation, LLMs may produce plausible-looking but 

technically incorrect documentation, particularly for low-frequency use cases with 

missing or incorrect parameter information leading to implementation errors 

(Belzner et al., 2024). This issue highlights the importance of output validation as 

reliance on hallucinated documentation can disrupt software development processes. 

Ji et al. (2023) emphasize that hallucination is particularly concerning in sensitive 

domains like healthcare, where incorrect outputs could have life-threatening 

consequences. 

The challenges of interpretability in AI systems are further exacerbated in 

that they are often treated as a “black box". These systems being statistical models 

and having large architectures, complicate the decision-making process’s 

interpretability. This results in lack of transparency that hinders understanding of 

their reasoning (Şahin et al., 2025). Ultimately this creates risk of using its output 

while not knowing the reasoning of LLMs. Ji et al. (2023)  highlight LLMs’ 

hallucinations can produce nonsensical or unfaithful outputs, reducing system 

performance and failing to meet user expectations in real-world applications such as 

in medical domains. 
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This lack of transparency is especially problematic in areas where we need to 

know why the AI made its decisions. In sensitive domains like healthcare, 

hallucinated outputs (e.g., incorrect medical summaries or instructions) could lead to 

serious consequences which can impede adoption due to trustworthiness concerns (Ji 

et al., 2023). 

 

2.4.1.2  Lack of generalization 

LLMs are typically trained for specific tasks and often rely on shortcut learning — 

strategies that perform well on training data but fail to generalize to novel conditions. 

Neural networks underperform when presented with out-of-distribution data which 

occur when shifting between domains in real-world applications. These models are 

designed under the  assumption that training and testing data share the same 

distribution, which does not necessarily hold in  practice (Geirhos et al., 2020). 

Although developers tend to use cloud models such as GitHub Copilot, 

regulatory or organizational constraints may necessitate developers to use local 

models. These models are often trained on specific programming languages, limiting 

their ability to perform optimally when applied to different ones (Peng et al., 2024). 

For instance, a model trained to assist with Python code may struggle to effectively 

generalize to Java without retraining. This is compounded by the evolution of 

development practices and new technologies, which can render AI models less 

effective over time. Peng et al. (2024) highlight the difficulties in generalizing across 

different programming languages, emphasizing the need for retraining to achieve 

proficiency in multiple languages. 
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2.4.1.3 Effect of data flaws in LLMs 

The effectiveness of LLMs is inherently linked to their training data quality. Most 

SDLC phases utilize cloud APIs, with model training and retraining typically 

depending on third parties. In this common arrangement, organizations have limited 

or no control over the training data quality used to develop these models. As the 

accuracy of LLM outputs depends heavily on the comprehensiveness of their training 

datasets (Vig et al., 2020), when these datasets contain flaws, biases or gaps, the 

resulting models reflect these limitations in their outputs (Vig et al., 2020). Subpar 

data quality can lead to harmful outcomes in software systems such as incorrect 

medical advice due to biased or incomplete training data (Ji et al., 2023). Garcia et 

al. (2024) documented an example in mortgage lending where AI systems 

demonstrated racial biases in loan application processing, resulting in 

disproportionate denial rates for minority applicants compared to equally qualified 

white applicants due to the bias in the training data set. 

The accessibility of externally managed LLMs through third-party APIs 

introduces additional risks. API providers may operate with outdated knowledge 

bases, potentially affecting the reliability of AI outputs as the recency is much lower. 

This time lag between model updates means users receive outputs based on outdated 

information. The usefulness of AI-driven outputs thus depends not only on the 

model's capabilities but also on the update frequency and maintenance of these API 

services (Wu et al., 2024). 

However, certain sectors face unique challenges that necessitate a different 

approach. In scenarios where proprietary data is available or where cloud APIs 

cannot be used due to privacy considerations, organizations opt for on-premise 

LLMs (Wiest et al., 2024). While this provides greater control over data quality, it 
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introduces its own set of challenges such as model maintenance and retraining 

requirements ultimately causing high computational costs. Wu et al. (2024) highlight 

that retraining LLMs incurs significant financial costs while being necessary for 

maintaining their long-term effectiveness. As software development evolves rapidly, 

frequent model updates are needed to ensure accurate code generation that aligns 

with current practices. They emphasize that LLMs require regular fine-tuning to keep 

pace with evolving programming languages, libraries, and frameworks.  

 

2.4.1.4 Limited context awareness  

LLMs often operate within the context of their training data and fail to fully 

understand nuanced requirements in real-world scenarios and may struggle to 

document stakeholder needs. This limitation is evident in domain-specific 

applications where LLMs lack context to generate accurate output. Ji et al. (2023) 

highlight that LLMs can hallucinate due to parametric knowledge bias which causes 

models to rely on memorized patterns rather than grounding outputs in the input 

context. Particularly in specialized domains due to insufficient contextual 

understanding. This can lead to incomplete or ambiguous requirements which will 

affect subsequent development stages. For instance, while LLMs can assist in 

generating Software Requirements Specifications, their outputs may lack the 

necessary depth and precision and require extensive human review (Krishna et al., 

2024). 

 

2.4.2  Legal risk of LLM outputs 

Integrating LLMs in software development introduces legal challenges. As AI 

systems are increasingly sophisticated and widely adopted, legal implications 
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become a concern for software developers and organizations. As LLMs are trained 

on vast datasets and generate content based on learned patterns, legal uncertainties 

arise. In software development, code generation must comply with legal frameworks 

that were designed before the advent of AI.  

This section examines the legal risks associated with LLMs in software 

development and explores various legal dimensions and their implications for 

practical implementation. 

 

2.4.2.1  Copyright and intellectual property concerns  

Copyright and intellectual property concerns are the main legal challenges in the 

context of LLM outputs. The issue stems from how LLMs generate content by 

learning from vast training datasets, including copyrighted materials. Therefore, AI 

may unintentionally replicate copyrighted content in its outputs. Liu et al. (2024) 

demonstrated that current LLMs can output copyrighted text which has led to several 

high-profile lawsuits (Alter & Harris, 2023; Grynbaum & Mac, 2023; Vallance, 

2023). 

Instances where LLMs have reproduced copyrighted code, as documented by 

Ma et al. (2024) and Xu et al. (2024) raise questions about the legality of their 

outputs. (Ma et al., 2024)’s study reveals that AI powdered programming language 

generation (PLG) models generate code that is identical to licensed source code 

without proper attribution. The paper explains that these models are essentially 

memorizing code snippets from their training data, which includes licensed source 

code from repositories like GitHub. For instance, GitHub Copilot has been reported 

to produce substantial portions of code directly copied from licensed sources without 

proper attribution, resulting in a copyright infringement lawsuit. The complexity is 
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compounded by the fact that copyright law was not designed to address AI-generated 

content. 

Similarly, Karamolegkou et al. (2023) found that large language models 

memorize copyrighted text fragments, as well as complete coding problems (e.g., 

LeetCode descriptions). This memorization can occur at various levels, from direct 

code reproduction to structural similarities that might still infringe on copyright 

protection.  

In terms of SDLC, there are discussions about the legal ownership of AI-

generated code and accountability for AI-related errors. Traditional copyright laws 

typically grant authorship to human creators, leaving AI-generated works in a legal 

gray area. Matulionyte and Lee (2022) discuss the possibility of attributing copyright 

of AI output to the owner of the AI system, allowing the individual or entity 

controlling the AI to claim ownership over its outputs. This aligns with the notion 

that the level of control over the model and the intent in using the system are of 

importance in ownership claims. While some countries have begun to work on 

addressing AI-generated content in their copyright frameworks (Matulionyte & Lee, 

2022b), the global landscape remains unclear. This uncertainty extends to questions 

of authorship, duration of protection and the requirements for copyright protection of 

AI-generated code. 

On the other hand, the deployment of AI systems introduces challenges in 

assigning accountability for errors. Novelli et al. (2024) relate accountability in AI to 

answerability. Answerability is the requirement for an entity to justify their actions 

and decisions generated by AI systems. The necessary conditions of answerability 

are authority recognition, interrogation, and power limitation. Authority recognition 

means that the entity responsible for the AI system must be known and, in a position, 
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to answer questions. Interrogation mechanisms must be in place to investigate AI-

related decisions or errors with responsible parties. Power limitation ensures that no 

entity exercises unchecked authority to prevent power abuse. 

Copyright, ownership, and accountability are legal considerations that 

software developers and stakeholders must address when incorporating LLM outputs 

into their projects. With the legal framework and technology evolving, organizations 

are required to keep adjusting their approach to mitigating legal risks. The following 

section will examine privacy-related risks associated with LLM implementation. 

 

2.4.2.2 Data privacy, confidentiality, and security issues 

Data privacy, confidentiality, and security concerns in LLM outputs extend beyond 

simple data protection and encompass regulatory compliance issues and business 

confidentiality requirements. Recent work has demonstrated that LLMs can 

inadvertently reproduce personal information (Borji, 2023; Carlini et al., 2021) or 

sensitive business data (Carlini et al., 2021; W. Z. Khan et al., 2024) included  in 

their training data or which creates significant privacy risks. (Peng et al., 2023) 

highlight that ChatGPT has been banned after a sensitive code leak from a private 

company. When an  LLM  outputs contain personal data from the training set, this 

violates privacy laws, such as the "right to be forgotten" and data protection 

regulations like GDPR (General Data Protection Regulation (GDPR) – Legal Text, 

n.d.) or CCPA (California Consumer Privacy Act of 2018, n.d.)  (Borkar, 2023; 

Illman & Temple, 2019). 

Security risks could affect generated code. Chen et al. (2021) highlighted 

instances where LLM-generated code contained security vulnerabilities. (Borji, 

2023) highlights that this makes the model a potential target for attacks that can 
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affect any applications derived from it. Similarly, models were found to generate 

SQL queries that were vulnerable to SQL injection attacks,  and web components 

with Cross-Site Scripting (XSS) vulnerabilities (Varghese & Thomas, 2024). 

Another security vulnerability was found when models suggested an authentication 

mechanism that could be easily bypassed (Varghese & Thomas, 2024). 

Cloud LLMs are trained on user prompts to better perform in the future. The 

UK National Cyber Security Center (ChatGPT and Large Language Models, n.d.) 

highlights that queries are visible to organizations providing the LLM, and those 

queries will be used as training data for continued  model improvements. (Zhao et 

al., 2024) publish the WildChat dataset which comprises over 1 million real-world 

user-chatbot interactions with ChatGPT and GPT-4 which were collected with user 

consent. Even though personally identifiable information was removed or masked for 

user anonymity, the authors highlight that there is still a risk of users sharing 

sensitive data as it may not be covered by their anonymization efforts. 

When LLMs are trained on user prompts, these models may reproduce 

confidential information such as personally identifiable information, project, or 

organization secrets. This creates liability not only for the organizations whose data 

might be exposed but also for developers who incorporate LLM outputs into their 

projects. Ma et al. (2024) emphasizes the importance for developers to be aware of 

data protection laws and copyright issues when incorporating AI-generated code into 

their projects. 

LLMs often require large datasets. This creates challenges for compliance 

with regulations like GDPR and CCPA. These regulations have strict requirements 

on how personal data is collected and stored. Ultimately creating hurdles for 

organizations attempting to gather data for training purposes. As Şahin et al. (2025) 
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mentioned, AI challenges GDPR's principle of data retention limits. Deleting data 

after its original purpose conflicts with AI's need for long-term use for future training 

passes. They further explore the explanatory difficulties arising from AI's 'black box' 

nature, which complicates efforts to provide clear information about data processing 

methods and decision-making factors. Their paper highlighting the difficulty of 

complying with GDPR’s transparency mandates and AI's inherent opacity. 

Consequently, balancing the need for large datasets while adhering to privacy 

laws is a challenge when training AI models. Finding equilibrium between 

comprehensive dataset requirements and privacy regulation adherence remains a 

critical issue in AI model development. Non-compliance can have legal 

ramifications. The following cases have shown that organizations can face not only 

financial penalties but also lasting reputational damage when failing to properly 

address legal concerns (See Table 2). 

This emphasizes the balancing act between restrictive individual privacy 

rights while still allowing technical progress and AI innovations to occur. It can be 

expected that policymakers will continue to adjust laws accordingly. 

Table 2 summarizes some regulatory actions and fines imposed on AI 

companies over privacy, data protection, ethical and transparency violations across 

different jurisdictions.  
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Table 2 AI Companies Fined for Regulatory Non-Compliances 

 

2.4.2.3  Bias and discrimination 

AI models trained on biased data can lead to discriminatory outcomes (Vig et al., 

2020). Organizations may face legal action when these biases result in unfair 

treatment of users. For instance, Amazon discontinued its AI recruiting tool after 

discovering it favored male candidates due to biases present in the training data 

(Dastin, 2022).  

Fuster et al. (2022) analysed how advancements in machine learning have 

introduced biases in credit markets. While majority groups (e.g., White non-Hispanic 

borrowers) often benefit from improved predictive accuracy, minority groups (e.g., 

Black and Hispanic borrowers) did not. The models amplify existing disparities in 

the underlying data due to their “flexibility” and “triangulation” properties. In Fuster 

et al. (2022)’s study, flexibility explained as advanced statistical models can use 

permissible variables (like income or credit score) to predict outcomes (like default 

risk) with high accuracy. However, this will disadvantage individuals that have less 

favorable values for these variables due to existing group disparities. Triangulation 

Jurisdiction Case Penalty AI Risk Resource 

Italy Clearview AI fined for 

biometric data scraping 

€20,000,000 Privacy/Trans

parency 
(Hern, 2022) 

United States Lawyers fined for citing 

falsely generated ChatGPT 

cases 

€4,600 Transparency/

efficacy 
(Milmo, 2023) 

Italy Italy’s privacy watchdog fines 

OpenAI for ChatGPT’s 

violations in collecting users 

personal data 

$15.6 million Privacy (Zampano, 2024) 

United States ‘Robot lawyer’ company 

faces $193,000 fine as part of 

FTC’s AI crackdown 

$193,000 Legal/Ethical (Vasani, 2024) 
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refers to the model’s ability to infer hidden variables like race or gender from 

unrelated data. Thus, both data biases and the model design can cause discrimination 

by amplifying existing inequalities present in the data. 

Similarly, Dressel and Farid (2018) explore risk assessment algorithms used 

in the U.S. criminal justice system. They discuss how predictive models like 

COMPAS can disproportionately affect marginalized groups, causing Black 

defendants to be twice as likely falsely classified as high risk compared to white 

defendants. Similarly, white defendants were more often mislabeled as low risk. 

Borji (2023) asked ChatGPT whether it is aware of its own biases. The 

response they received declined this: “As a language model, I have been trained on a 

large dataset of text that includes many examples of biases and stereotypes. While I 

have been designed to recognize patterns in this data and generate text based on these 

patterns, I do not have the ability to recognize or understand my own biases. I do not 

have consciousness, self-awareness, or the ability to reflect on my own beliefs and 

values. Therefore, it is important to be mindful of potential biases in the text I 

generate and to take steps to counteract these biases, such as by including a diverse 

range of perspectives and sources of information.” (Borji, 2023, p.6) 

The production of potentially biased outputs by artificial intelligence can 

erode confidence among both regulators and end-users towards AI systems. 

Consequently, decision-making clarity becomes essential for trust preservation.  

Fisher et al. (2013) noted that transparency serves dual purposes—building user 

confidence while simultaneously enabling proper validation of system-generated 

content.  

To tackle these issues, experts across academia and industry have suggested 

several risk management approaches for AI deployments. The next section explores 
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these mitigation strategies, with particular attention to how they fit within 

development lifecycles. 

 

2.5  Mitigation strategies 

The case studies mentioned in previous sections largely point to the numerous 

practical benefits of using AI assistants in SDLC processes. They can boost an 

organization’s competitiveness by boosting productivity and quality. However, the 

introduction of LLMs also bears risks. Mitigation strategies have emerged, ranging 

from developer training (Varghese & Thomas, 2024a) to improved data management 

practices (Borkar, 2023). In particular, rigorous review processes by human 

developers can mitigate legal and security risks (Wang & Chen, 2023). Data 

governance practices implemented at the organization level are relevant for privacy 

risks. This includes the management of training data and regular audits of AI system 

outputs. Borkar (2023) suggests companies remove data points at a higher risk of 

containing confidential information to comply with the ‘right to be forgotten’ policy 

within GDPR. 

Wang and Chen (2023) bring attention to the scarcity of research on human 

engagement when evaluating AI-generated code. As the field evolves, the balance 

between AI’s capabilities and the associated risks remains a consideration for 

software development teams. An approach that combines technical expertise and 

legal compliance to responsible AI use can determine success. Moving forward, 

human involvement when evaluating AI output will be explored in more detail. 
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2.5.1  Human oversight 

Over-reliance on AI in software development may lead to reduced human oversight 

(Kuhail et al., 2024) . Pearce et al. (2022) found that approximately 40% of code 

suggestions by GitHub Copilot contain security vulnerabilities which is a significant 

risk factor when relying on AI without adequate oversight. A similar result from a 

more recent study by Fu et al. (2025), also identified roughly 29.5% of Python 

snippets and 24.2% of JavaScript snippets produced by AI assistants had security 

issues. This concerning statistic highlights the need for proper validation of AI-

generated code in software systems. Otherwise, insufficient review processes can 

introduce critical vulnerabilities that might remain undetected. 

The European Union's AI Act defines human oversight as measures enabling people 

to fully understand the capabilities and limitations of AI systems. Human oversight 

requires the ability to monitor operation, detect anomalies and intervene or stop the 

system when necessary. When using AI technologies, human intervention ensures 

that they operate in alignment with legal requirements as well as security needs. The 

EU’s AI Act demands human oversight for high-risk AI applications (Article 14, 

n.d.-a). It mandates the ability for humans to intervene.  

 Methnani et al. (2021) developed a novel framework called variable 

autonomy (VA) which dynamically adjusts AI autonomy levels that can range from 

full autonomy to complete human control. Their approach helps creating a 

collaborative human-AI system where appropriate levels of oversight can be 

maintained while maximizing the benefits of automation. 

Oversight may be achieved through governance mechanisms such as human-in-the-

loop (HITL), human-on-the-loop (HOTL), human-in-command (HIC) or human-out-

of-the-loop (HOOL). The European Commission (2019) suggested organizations to 
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implement HITL, HOTL and HIC approaches as effective governance strategies to 

maintain appropriate human oversight on AI systems. HITL refers to the capability 

for direct human intervention during an AI system's operation, allowing humans to 

validate decisions or provide input before the system proceeds with a task 

(Nahavandi, 2017). However, this is not always feasible in practice as HITL can 

significantly slow down development processes and increase costs, especially in 

scenarios requiring rapid iterations or real-time responses. HOTL, on the other hand, 

focuses on enabling humans in a monitoring or supervisory role during the system's 

operations and intervening if failures occur (Nahavandi, 2017). HIC refers to the 

capability to oversee an AI system's overall activity while considering its societal, 

economic, legal, and ethical impacts. This approach empowers humans to define and 

manage the operational boundaries of AI systems (Aschenbrenner & Colloseus, 

2023). HOOTL removes humans from direct engagement in system control loops 

(Kaber & Endsley, 2004). For example, advanced driver-assistance systems can 

identify potential collision risks, alert the driver, and take control of the car if 

necessary to prevent accidents. They can enhance road safety and the need for full 

autonomy of these systems arises from the limited human reaction time, possible 

human errors, or lack of situational awareness. By removing the human entirely from 

the control loop, the system can carry out tasks independently (Methnani et al., 

2021). These models allow organizations to control the level of human oversight for 

different phases of the SDLC process. 

According to Langer et al. (2024), effective oversight is a balance between 

detecting legitimate issues while minimizing false alarms, which is achieved through 

monitoring processes and explainable AI (XAI) methods. Organizations can solve 

this with training programs and enhance oversight personnel's ability to recognize 
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and address potential ethical violations. Through human oversight, organizations can 

implement accountability measures that ensure AI systems decisions align with 

ethical requirements and do not perpetuate discriminatory practices against any 

groups. 

Human oversight is a factor in mitigating AI risks. Its success also depends 

on organizational as well as technical factors. Practical frameworks that incorporate 

rigorous human oversight involvement in AI processes, can reduce the risk for legal 

disputes a company faces.  

 

2.5.2  Legal frameworks 

The growing prevalence of LLMs requires robust legal structures for risk mitigation. 

With AI technologies becoming more complex and embedded throughout software 

development lifecycles, proper regulatory supervision has become more important. 

Legal frameworks protect not only stakeholders but also provide guidelines for 

organizations implementing LLM technologies. 

Legal frameworks can be challenging to develop as the decision making of 

LLM models is non-deterministic, models are not easily interpretable, and they have 

a wide range of applications. Furthermore, systems generate content with legal issues 

from different jurisdictions and legal domains, such as intellectual property to data 

privacy. Furthermore, AI requires that regulatory frameworks can provide 

meaningful protection and are flexible enough to accommodate rapid technological 

advancement. 
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2.5.2.1  Current regulatory landscape 

There are different approaches to AI regulation in different countries. Several major 

initiatives have emerged in recent years. For instance, the European Union's AI Act, 

introduced in 2021, represents the first comprehensive attempt to regulate AI systems 

(Li, 2023). This AI Act is planned to be enforced progressively over the coming 

years. The legislation adopts a risk-based approach, categorizing AI systems into 

four levels: minimal risk, limited risk, high risk, and unacceptable risk (Artificial 

Intelligence Act, n.d.). 

The AI Act put in place the concept of 'provider accountability' holding 

individuals or entities involved in the development, deployment, or operation of AI 

systems responsible for their actions. In doing so, it establishes stringent obligations 

for both AI developers and deployers, while also seeking to ease regulatory burdens 

on businesses.  

By implementing the AI Act, the EU aims to establish a balanced regulatory 

environment. It is important to keep the innovative environment fostered, at the same 

time safeguarding public interests (Nicholas & Friedl, 2024). The European Union's 

AI Act represents a pioneering framework, but there are also several other regulatory 

initiatives that have emerged worldwide.  

The United States has a more decentralized approach including federal 

executive orders, agency guidelines, and state-level legislations. (Hacker et al., 

2025). They have introduced the Executive Order on Safe, Secure, and Trustworthy 

AI guidelines in 2023 which was revoked in early 2025. The new guideline is 

Executive Order on Removing Barriers to American Leadership in Artificial 

Intelligence, focused on maintaining U.S. global AI leadership (Hacker et al., 2025). 

There is an absence of binding federal AI laws across states. Thus, individual states 
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have enacted their own regulations. Besides, there are agencies with focus on 

introducing frameworks to regulate AI such as the National Institute of Standards 

and Technology (NIST). They have issued voluntary frameworks to guide 

responsible AI development. NIST's AI Risk Management Framework (AI RMF - 

AIRC, n.d.) aims to provides organizations principles and practices for managing AI-

related risks. There are also other initiatives at local governments level such as New 

York City's Local Law 144, effective from July 2023 targeting specific AI risks. This 

law mandates that automated employment decision tools undergo independent audits 

for bias before they can be used in hiring or promotion processes (Hacker et al., 

2025).  

There are other regulations from different countries. China has enacted the 

Interim Measures for the Management of Generative Artificial Intelligence Services 

which were enacted in 2023. This regulation mandates that training datasets must 

adhere to intellectual property rights and respect individual privacy protections. 

Furthermore, the measures requiring AI-generated content must be clearly labelled to 

distinguish it from human-created content. The regulation also forces companies to 

register their AI algorithms with regulatory authorities for transparency and 

accountability. Under the Interim Measures, providers are held accountable for the 

content generated by their AI systems (Migliorini, 2024). China set a goal to lead in 

AI development by 2030. Therefore, they have a focus on creating robust ethical 

standards and participating in global regulatory frameworks (Migliorini, 2024).   

While the regulatory examples presented in this section provide insights into 

the global trajectory of AI governance, it should be noted that this review is not 

exhaustive. Only a selected number of representative regulations from different 

regions were included.  
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2.5.2.2  Gaps and limitations 

Despite these regulatory initiatives, there are gaps in the legal framework 

surrounding LLM usage as laws are largely in their infancy and may not fully 

address the challenges posed by LLM implementation in business processes. A 

"pacing gap" exists between the rapid change of technology and the slower 

regulatory responses, exemplified by the Collingridge dilemma—limited data at 

technology's emergence and outdated regulations by the time data is available 

(Goanta et al., 2023). McIntosh et al. (2024) evaluate four cybersecurity frameworks 

for their readiness to address opportunities, risks, and regulatory compliance in 

adopting LLMs. The study findings indicate that all frameworks lack comprehensive 

strategies for LLM-specific risks. Most frameworks inadequately address the 

challenges of AI system misclassification, hallucinations, and bias. Li (2023) 

identifies several critical limitations in the current European AI Act (AIA) as AIA’s 

transparency requirements, such as informing users that they are interacting with AI 

are insufficient to address hallucination risks. Li (2023) additionally analysis the 

Digital Services Act (DSA) and Digital Markets Act (DMA) highlighting additional 

regulatory gaps. The DSA's primary focus on intermediaries overlooks the crucial 

roles of LLM developers and their outputs, while the DMA's emphasis on market 

structure and gatekeepers results in insufficient attention to AI-specific risks, 

creating a significant gap in comprehensive AI governance. 

 

2.5.2.3  Recommendations for future framework development 

Developing viable legal safeguards against LLM risks demands multi-dimensional 

coordination, such as technical, ethical, industry, and so on. Recent studies offer 
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thorough guidance on strengthening LLM governance structures, stressing the 

importance of balancing technical considerations with human-centered design 

principles. Li (2023) advocates for fundamental revisions to the AIA's risk 

taxonomy, suggesting a shift beyond basic transparency requirements to incorporate 

trustworthiness, reliability, and explainability as core regulatory benchmarks. This 

recommendation aligns with McIntosh et al.'s (2024) emphasis on enhanced 

transparency in LLM outputs and data sources, along with their call for continuous 

bias testing and model validation mechanisms that align with the EU AI Act 

provisions for real-time safeguards and automated compliance checks. To address 

market-related concerns, Nicholas and Friedl (2024) propose the development of 

watermarking mechanisms for detecting AI-generated content, which could help 

identify misinformation. They also highlight the risks of market concentration, such 

as monopolies across the LLM supply chain. They warn regulators about reduced 

competition and data exploitation by dominant firms. Li (2023) further emphasizes 

the importance of user protection, recommending the establishment of avenues for 

contesting inaccurate AI outputs and imposing user responsibilities for content 

verification in sensitive domains such as healthcare and law. For developer 

accountability, Li (2023) suggests mandatory implementation of safeguards 

including rigorous testing, real-time dataset updates, and explicit warning systems 

about potential inaccuracies. Their study also recommends that LLMs should be 

programmed to redirect users to authoritative, traceable sources rather than 

generating potentially unreliable responses. 

The recommendations outlined above provide a foundation for building such 

comprehensive regulatory structures, though they will need continuous refinement as 

our understanding of LLM capabilities and risks continues to evolve.  
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CHAPTER 3 

MODEL DEVELOPMENT AND HYPOTHESIS 

 

3.1  Adoption theories 

To understand the factors that influence LLM adoption in software development 

teams, I will examine established adoption theories, in particular the Protection 

Motivation Theory (PMT) by Rogers (1975) and the User Acceptance of Information 

Technology Model (UTAUT) by Venkatesh et al. (2003). 

 

3.1.1  Protection motivation theory 

PMT explains how individuals respond to persuasive messages involving threats or 

risks. Proposed by Rogers (1975), PMT has been widely adopted in behavioral 

adoption studies because it represents a significant advancement in understanding 

human responses to threats. Before PMT's development, research primarily 

examined fear appeals, which is a persuasive communication strategy designed to 

trigger anxiety through emphasizing potential dangers to modify behavior. Such fear-

appeal strategies typically identify particular risks, stress the target audience's 

vulnerability to these risks, and often suggest protective measures to reduce the 

threat (Ruiter et al., 2014). PMT shifted focus from fear alone to a more complex 

understanding of human decision-making, not only focusing on threat appraisal but 

also including coping strategies in its model. It emerged from combining the insights 

of expectancy-value theories and cognitive processing theories to explain how fear 

appeals influence behavior (Ifinedo, 2012). PMT posits that the intention to adopt a 

recommended protective behavior is a function of two cognitive processes: threat 

appraisal and coping appraisal. Threat appraisal process involves two constructs: 
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First construct is the perceived severity of the threatened event. Perceived severity 

refers to an individual's subjective assessment of the seriousness of the negative 

consequences associated with the threat. Second construct is the perceived 

vulnerability to the event's occurrence. This refers to an individual's subjective 

assessment of the probability that they will experience the threatened event. On the 

other hand, the coping appraisal process focuses on the assessment of the 

recommended coping response and consists of two constructs: First construct is the 

perceived response efficacy which is the belief that the recommended coping 

response will effectively prevent the threat. Second construct is the response cost, 

refer to any costs or barriers related with carrying out the recommended coping 

response. These costs are incurred from taking the protective action and can range 

from financial expenses, time, effort, discomfort, inconvenience, to negative side 

effects. 

PMT assumes that these cognitive processes combine to form protection 

motivation which is the intention to perform the recommended protective behavior. 

The theory originally proposed a multiplicative relationship between the threat 

appraisal and coping appraisal constructs in determining protection motivation. 

Multiplicative interaction assumes that protection motivation is strongest when both 

threat appraisal and coping appraisal are high. 
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Figure 2 Schema of the protection motivation theory (Source: Rogers (1975)) 

 

In a revised version of PMT, Rogers and Maddux (1983) made several changes to  

the original theory. First, the revised PMT expanded the sources of information that 

can initiate fear appeals, such as prior experience, observational learning, and 

personality variables. Second, the revised theory drew a clearer line between two 

types of coping: adaptive and maladaptive coping responses. Adaptive coping 

strategies referring to actions aimed at preventing the threat and maladaptive coping 

referring to easing emotional distress caused by the threat without addressing the 

threat itself. 

Third, the revised PMT separated self-efficacy from response efficacy as 

distinct concepts. The updated model positioned self-efficacy as one of five cognitive 

factors—alongside perceived severity, perceived vulnerability, response efficacy, 

and response cost—that shape decision-making. This addition reflected (Bandura, 

1978) influential work highlighting self-efficacy's critical role in behavior change. 

The final significant shift abandoned the original theory's multiplicative 

approach. Instead, Rogers and Maddux (1983) proposed that threat evaluation and 

coping assessment constructs combine additively or in various combinations to 

determine one's motivation for protective action. The components do not need to 
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amplify each other as in a multiplicative interaction but instead have independent, 

cumulative impacts on protection motivation. 

 

Figure 3 Adapted pmt (Source: Milne et al. (2000)) 

 

In summary, PMT reveals that people facing threats employ a dual assessment 

approach. They begin by assessing the threat itself—weighing its potential severity, 

their personal exposure, and chances of encountering it. Following this initial 

appraisal, they scrutinize possible responses by considering both whether the 

suggested coping response actually work and their personal ability to carry out such 

protective actions. 

Having originated in health psychology, PMT have since been applied to 

technology adoption contexts due to fundamental parallels between health threats 

and technological risks (Liang & Xue, 2009). These parallels manifest in three ways, 

as (Chenoweth et al., 2019) summarize this as: First, both contexts deal with external 

factors that can have detrimental effects whether on human health or technological 

systems. Second, the impact and perception of these threats vary among individuals, 

with different people experiencing and interpreting the same threat in distinct ways. 
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Third, both domains offer various coping mechanisms to address these threats. This 

similarity in threat response led (Liang & Xue, 2009) to assert that "People 

experience similar cognitive processes in response to either health threats or IT 

security threats." 

PMT stands as a most effective theory in understanding behavioral intentions 

with regards to protective measures (Anderson & Agarwal, 2010). Although PMT 

first emerged in the medical domain, it was widely adopted in the information 

security (ISec) field (Crossler & Bélanger, 2014). Boss et al. (2015) highlight that 

PMT is naturally suited for ISec contexts as users require additional motivation to 

protect their information assets. Building on this foundation, (Johnston & Warkentin, 

2010) further adapted PMT principles to information security through their 

development of the Fear Appeals Model (FAM). Their research demonstrated that 

fear appeals significantly impact users' behavioral intentions to comply with security 

measures, though this impact varies based on individual perceptions of threat 

severity, self-efficacy, response efficacy, and social influence. 

In the context of personal security, (Zhang & McDowell, 2009) applied PMT 

to understand the  drivers for password protection behaviors. Their findings revealed 

that response efficacy and fear were the strongest predictors for using strong 

passwords, while response costs had an adverse effect. Their study found that 

perceived severity and vulnerability, which are central to PMT, did not significantly 

influence password protection intentions. (Ifinedo, 2012) studied PMT in 

organizational settings to examine employees' compliance with information security 

policies. The theory has helped explain why some employees adhere to security 

guidelines while others engage in risky behaviors. 
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PMT has proven effective in information security. Recent research has 

extended its application to artificial intelligence adoption in organizational settings 

(Chen et al., 2024). The authors reframe AI implementation as a potential threat that 

triggers protection motivation mechanisms, specifically through what they term 

"Promethean anxiety", referring to employees' perceived need to safeguard the 

hierarchy between humans and machines (Bajohr, 2022). Chen et al. (2024)’s work 

uses PMT's cognitive appraisal framework to explain how AI adoption triggers 

employees' need for occupational self-actualization as a coping response and 

subsequent intention to resign from their role. This application of PMT to multiple 

fields demonstrates its explanatory power in relation to human responses to 

technological changes. 

The emerging research on PMT applied to AI has already recognized the 

need for understanding protective behaviors in response to AI implementation (Chen 

et al., 2024). While AI technologies have seen rapid and widespread adoption across 

various domains, researchers have begun to identify the risks and negative 

implications of AI usage (Borji, 2023). However, user’s perception and response 

behavior towards these AI-related risks remains limited, particularly in the context of 

software development.  

Prior studies on PMT focus primarily on security behaviors, while AI 

adoption studies focus on the technical aspects of AI. This leaves a gap for 

researching users' threat perceptions and protective responses towards AI risks. This 

study addresses this gap by examining how users perceive and respond to threats 

associated with AI usage. PMT is utilized as a theoretical framework for 

understanding their protective behaviors. Specifically, how users' threat appraisals 
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and coping mechanisms influence their intention to adopt AI, more specifically 

LLM, technologies are investigated. 

Marikyan and Papagiannidis (2023) highlights that different studies have 

produced varying results when applying Protection Motivation Theory (PMT) in 

different contexts. For instance, when investigating users' intentions to back up their 

data, only self-efficacy and response efficacy were found to have a direct influence 

(Crossler, 2010). In the study of secure online behavior, neither perceived threat 

severity nor self-efficacy  showed significant correlation with behavioral intention 

(Tsai et al., 2016). Similarly, when examining the adoption of anti-spyware software, 

all PMT constructs except self-efficacy were found to be significant predictors of 

behavioral intention (Chenoweth et al., 2019). 

These inconsistencies can be attributed to the differences in how individuals 

perceive threats and their potential consequences, which vary depending on the 

specific context in which the behavior is studied (Ifinedo, 2012; Verkijika, 2018). 

Therefore, it is essential to extend PMT by incorporating context-specific factors to 

enhance its predictive power (Ifinedo, 2012; Thompson et al., 2017; Verkijika, 

2018). 

Therefore, as PMT is mainly focusing on the risk perspective of adoption 

intention, in this study benefits of AI usage included as an influencing factor for 

adoption intention. The benefit constructs are taken from the UTAUT model by 

(Venkatesh et al., 2003). 

 

3.1.2  Unified Theory of Acceptance and Use of Technology (UTAUT) 

The Unified Theory of Acceptance and Use of Technology (UTAUT) represents a 

milestone in technology acceptance research developed by (Venkatesh et al., 2003). 
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It stands as one of the most extensively used theories that have been validated 

repeatedly across different context and technologies. UTAUT synthesizes eight 

technology acceptance models into a unified theoretical framework namely: Theory 

of Reasoned Action (TRA), Technology Acceptance Model (TAM), Motivational 

Model (MM), Theory of Planned Behavior (TPB), Combined TAM and TPB (C-

TAM-TPB), Model of PC Utilization (MPCU), Innovation Diffusion Theory (IDT), 

Social Cognitive Theory (SCT).  

Venkatesh et al. (2003) identified four principal drivers of users’ acceptance 

and technology engagement, along with four moderating factors. Core constructs of 

UTAUT are performance expectancy, effort expectancy, social influence, facilitating 

conditions and the moderating factors are gender, age, experience, voluntariness of 

use. 

 

Figure 4 Utaut research model (Source: Venkatesh et al. (2003)) 

 

The fundamental constructs of UTAUT offer explanatory power for 

technology adoption decisions such as performance expectancy, which captures 
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users' beliefs about productivity gains, has consistently emerged as the most 

powerful predictor of adoption intention across studies (Dwivedi et al., 2019). Effort 

expectancy is the perceived complexity of new technology use where adoption 

decisions impact workflow efficiency.  Social influence reflects organizational 

dynamics and peer effects, while facilitating conditions encompass both technical 

infrastructure and organizational support necessary for successful adoption. 

Building on the first model, Venkatesh et al. (2012) extended UTAUT to 

explore consumer acceptance contexts, adding three factors: hedonic motivation, 

price value, and habit. 

Recent literature reviews show that UTAUT has evolved to include additional 

variables such as self-efficacy, perceived trust, perceived risk, and anxiety  (Williams 

et al., 2015) with variations depending on the technology, industry, and combined 

model. Further studies incorporated risk-related constructs and trust factors 

extensively (Slade et al., 2015; Tamilmani et al., 2021). While Tamilmani et al. 

(2021) documented UTAUT2 effectiveness across various organizational settings, 

subsequent research explored its application in AI contexts. Vimalkumar et al. 

(2021) examined its utility in understanding AI technology adoption despite the 

privacy concerns, while (Cao et al., 2021) investigated managerial perceptions 

towards using AI for decision-making processes, identifying specific risks and 

concerns affecting adoption intention. Building on the scholars, Venkatesh (2022) 

demonstrated that while traditional UTAUT constructs remain relevant for AI 

adoption, they must be contextualized within the technology's, individuals’ and 

environments’ unique characteristics. Another recent meta-analysis about UTAUT 

(Blut et al., 2022) has highlighted this very point, indicating that UTAUT’s core 

constructs may not be sufficient to explain AI adoption suggesting to incorporating 
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trust in AI systems, algorithmic transparency, ethical concerns and fairness, 

regulatory compliance and perceived risk into UTAUT when analyzing AI adoption. 

The study argues that UTAUT research has reached a saturation point, with many 

studies making only incremental contributions instead of offering new theoretical 

advancements. 

The authors suggest moving towards a "blue ocean" research approach by 

developing new theoretical frameworks beyond UTAUT for AI-related studies. In 

addition, Alneyadi et al. (2023) calls for combining UTAUT and PMT to better 

explain users’ intention to adopt AI-based systems. This study answered their call for 

combining these two theories in order to explain user intention to adopt LLMs in 

software development teams. 

In short, although UTAUT has been effective to understand technology 

adoption behaviors primarily focusing on the benefits and facilitating conditions that 

drive acceptance, the adoption of emerging AI technologies like LLMs presents 

challenges related to output reliability and legal concerns that UTAUT alone may not 

fully capture. Therefore, UTAUT with PMT is combined to address this limitation by 

incorporating both risk appraisal and coping appraisal mechanisms into the 

theoretical framework. Recent studies have demonstrated the value of this integrated 

approach (Al-Sharafi et al., 2023; Fu et al., 2024; Hsu & Silalahi, 2024; Ong et al., 

2024). 

Fu et al. (2024) combined UTAUT and PMT to examine ChatGPT adoption 

in higher education. Their study argues that while UTAUT can capture technology 

acceptance factors like performance expectancy and effort expectancy, AI 

technologies necessitate consideration of AI risk factors in the educational context. 

The authors show that adoption is influenced by perceived benefits such as task 
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efficiency and hedonic motivation work in conjunction with threat appraisal and 

coping mechanisms. Fu et al. (2024) focus on the key threat appraisal as risk of being 

exposed to misused ChatGPT during studies and impact on academic performance 

and reputation if ChatGPT is misused. They defined the coping response as the 

participant’s belief in their capability of using ChatGPT for academic tasks and 

confidence in their ability to use ChatGPT appropriately.  

Another domain affected by LLM adoption is software development. Unlike 

education where concerns revolve around academic integrity and student 

performance, software faces technical (like code reliability and security) and legal 

risks (such as licensing and intellectual property). 

Similar to Fu et al. (2024), in this study, PMT's risk-oriented framework with 

UTAUT's benefit-focused approach is combined to understand how software 

developers evaluate and respond to both the opportunities and risks posed by LLMs. 

Furthermore, it allows us to understand the underlying motivations that drive LLM 

adoption, such as performance benefits.  In addition, it allows us to gain insights into 

how development teams evaluate and respond to risks such as code quality and 

security. Such a dual perspective can help us understand the complex decision-

making process behind LLM adoption in software development environments. 

 

3.2  Research framework 

 

3.2.1  Hypothesis development 

We recognize that employees are crucial stakeholders of any software development 

process and they incorporate LLMs in their projects (Ozkaya, 2023). Therefore, this 

study focuses on individual LLM adoption in software projects at the workplace. 
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To this extent, a new theoretical framework combining PMT and UTAUT is 

proposed. PMT is used to explain risk appraisals, coping appraisals, and maladaptive 

coping, while UTAUT to explain the benefit factors. Hypotheses are developed 

about factors influencing software developers’ intention to use LLM outputs in their 

projects.  

 

3.2.1.1  Maladaptive coping and behavioral intention 

The maladaptive coping construct from the revised PMT theory represents avoidance 

of responses to perceived threats as opposed to addressing these threats (Rogers & 

Maddux, 1983). Maladaptive coping stems from stress and coping theory (Lazarus & 

Folkman, 1984) which describes how individuals assess and respond to stressful 

situations. Maladaptive coping is related to Emotion-Focused Coping, aimed at 

managing the emotional distress associated with the problem rather than solving it. 

Typical maladaptive responses include denial (“the risk is not real”), avoidance (“I 

prefer not to think about it”), or fatalism (“nothing I do can prevent it”). In the IT 

context, Liang and Xue (2009) use emotion-focused coping in their Technology 

Threat Avoidance Theory (TTAT) to explain different coping mechanisms for 

perceived threats. They define emotion-focused coping as a behavioral strategy 

oriented toward creating a false perception of the threat without in fact changing it, 

so that negative emotions related to threat are mitigated. Such behaviors typically 

manifest as avoidance, denial, wishful-thinking, and fatalism – responses that may 

provide temporary emotional relief but fail to address the actual threat (Milne et al., 

2000). 

Previous research applying PMT to technology adoption has shown that 

maladaptive coping behaviors can influence adoption intentions. For instance, 
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Chenoweth et al. (2009) found that maladaptive coping had a statistically significant 

effect on behavioral intention to adopt protective technologies. While their study 

focused on anti-spyware software, the underlying psychological mechanism of 

avoiding rather than addressing perceived threats is relevant to LLM adoption. 

Similar to how users might avoid dealing with security threats by postponing 

anti-spyware installation (Chenoweth et al., 2009), software developers might cope 

with LLM risks through avoidance. PMT posits that maladaptive coping will 

positively influence behavioral intention. Therefore, I hypothesize: 

H1: Maladaptive coping has a positive effect on the behavioral intention to adopt 

LLM in software projects. 

 

3.2.1.2  Threat appraisal components 

According to PMT, threat appraisal consists of two key components: perceived 

vulnerability and perceived severity (Rogers, 1975). Anderson and Agarwal (2010) 

highlight that the evolution of threats is related to individuals’ attitudes and 

intentions to carry out security-related behaviors concerning the Internet and to one’s 

computer (e.g., antivirus software, firewalls, system updates). When these threat 

perceptions are high, individuals can engage in either adaptive or maladaptive coping 

responses (Rogers & Maddux, 1983). Based on this, how these threat appraisal 

components affect both maladaptive coping and behavioral intentions is examined in 

the context of LLM adoption. 

Maddux and Rogers (1983) demonstrated that when individuals perceive high 

vulnerability to threats, they may adopt different decision-making strategies - either a 

"precaution strategy" or a "hyperdefensiveness strategy." This is supported by the 

Technology Threat Avoidance Theory (TTAT), which suggests that when users 
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perceive threats as unavoidable, they are more likely to engage in emotion-focused 

coping (Liang & Xue, 2009). In the context of LLM adoption, Perceived 

Vulnerability is defined as the likelihood of using flawed LLM output in projects. 

The vulnerability or susceptibility to flawed outputs may lead developers to engage 

in maladaptive coping through avoidance instead of developing risk management 

strategies. Therefore, I hypothesize: 

H2a: Perceived vulnerability is positively associated with maladaptive coping. 

PMT has been used to show that higher perceived vulnerability increases 

protective behaviors. For instance, Alneyadi et al. (2023) found that users who 

viewed themselves as vulnerable to cyber threats were more likely to adopt AI-based 

cybersecurity systems. Similarly, Chenoweth et al. (2009) found that users who 

viewed themselves as vulnerable to spyware threats were more likely to adopt anti-

spyware software. 

Applied to LLM use in development teams, I hypothesize that developers 

could be less inclined to adopt LLMs or use LLM outputs when they view the 

likelihood of flawed outputs as high. Thus: 

H2b: Perceived vulnerability has a negative effect on behavioral intention to adopt 

LLM in software projects 

According to PMT's threat appraisal process, a high perceived severity of 

negative consequences can trigger an emotion-focused coping response when 

individuals feel unable to manage the threat (Rogers, 1975). For instance, they could 

resort to maladaptive coping strategies like avoidance or denial rather than engaging 

with the technology. Xin et al. (2021) find a correlation between perceived severity 

and hopelessness when examining individual users' responses to mobile malware 

threats. Liang and Xue (2009) predict users threat perception is determined by that 
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threat severity. When the user’s treat perception is higher, they are more inclined to 

perform maladaptive coping with a focus on emotional distress. 

In this study, I focus on the perceived severity of problems when employees 

use flawed LLM outputs in projects. In the LLM context, when developers perceive 

severe consequences from flawed outputs, they may resort to maladaptive coping 

mechanisms such as avoidance rather than implementing safeguards. Thus, I 

hypothesize:  

H3a: Perceived severity has a positive effect on maladaptive coping 

Liang and Xue (2009)’s theoretical framework posits that IT threat perception 

is determined by the perceived severity of malicious IT. They propose perceived 

severity has a positive interaction effect on perceived threat. When users perceive 

severe potential consequences from a technology’s use, they are more likely to view 

it as threatening rather than beneficial. 

Applied to our context of LLM use, perceived severity is the magnitude of 

potential negative consequences from using flawed LLM outputs, such as integrating 

inaccurate or legally problematic information or code into projects. Unlike protective 

technologies where perceived severity motivates adoption, the perceived severity of 

flawed LLM outputs could discourage LLM use. Therefore, I hypothesize: 

H3b: Perceived severity has a negative effect on behavioral intention to use LLM in 

projects 

 

3.2.1.3  Coping appraisal 

Coping appraisal determines how individuals respond to technological threats. 

According to PMT (Rogers, 1975), after evaluating a threat, users engage in coping 

appraisal to assess their ability to respond to the threat. Liang and Xue (2009) 
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highlight that users who perceive a threat as avoidable are more likely to take 

safeguarding measures and, thus, are less likely to engage in maladaptive coping 

strategies. Conversely, when users perceive threats as unavoidable, they tend to 

incline to emotional coping. Other scholars support this observation, with Chen et al. 

(2022) demonstrating that perceived coping efficacy is the most influential element 

in both encouraging adaptive coping behaviors and discouraging maladaptive coping 

behaviors. Therefore, coping appraisal is essential for predicting whether users will 

respond adaptively or maladaptively to technological threats. 

In PMT, response efficacy is part of the coping appraisal process. Response 

efficacy is the perceived effectiveness of a recommended coping response, and has 

emerged as one of the most consistent predictors of behavioral intentions in 

technology adoption (Tsai et al., 2016). In the context of this study, response efficacy 

refers to the belief that human oversight by critically evaluating LLM outputs for 

accuracy and legal compliance. 

Prior research has demonstrated response efficacy's role in reducing 

maladaptive coping behaviors. Liang et al. (2019) conducted a study combining an 

experiment and a survey examining various ISec threats (phishing, malware, identity 

theft) and protective responses (antivirus software, strong passwords). Their findings 

showed that users who believed security threats could be avoided through protective 

measures were less likely to respond maladaptively through denial, wishful thinking 

and avoidance. Based on this theoretical foundation and empirical evidence, when 

developers believe in the effectiveness of human oversight as a protective measure 

against LLM-related risks, they may be less likely to resort to maladaptive coping 

strategies. Therefore: 

H4a: Response efficacy has a negative effect on maladaptive coping 
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Tsai et al. (2016)’s research on ISec concerned with malware-related threats and 

security measures demonstrated that response efficacy predicts security behavior. 

Users believing in the effectiveness of security measures are more likely to adopt 

such measures. More recently, in the context of AI technologies, (Alneyadi et al., 

2023) found that perceived response efficacy positively influenced users' intentions 

to adopt AI cybersecurity systems. Fu et al. (2024) demonstrated that response 

efficacy and self-efficacy influence the intention to use ChatGPT, and users felt 

confident in their ability to counteract potential negative outcomes. 

Following this, I posit that when developers believe human oversight is 

effective for evaluating and verifying LLM outputs, they are more likely to use 

LLMs in their projects. Therefore: 

H4b: Response efficacy has a positive effect on behavioral intention to use LLMs in 

projects. 

In PMT, self-efficacy refers to one's confidence in their ability to successfully 

execute protective behaviors. PMT predicts that when individuals possess high self-

efficacy, they are more likely to engage in protective behaviors rather than avoidance 

strategies. Conversely, those lacking confidence in their ability to implement 

protective measures often resort to emotion-focused coping and avoidance behaviors 

(Y. Chen & Zahedi, 2016). In this study’s context, self-efficacy refers to users' 

confidence in their ability to critically evaluate LLM outputs to avoid using flawed 

content. 

Yazdanmehr et al. (2023) found that self-efficacy negatively moderates the 

relationship between security related stress and emotion-focused coping. Thus, I 

hypothesize: 

H5a: Self-efficacy has a negative effect on maladaptive coping 
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Researchers have also demonstrated self-efficacy's positive influence on the 

technology adoption intentions. In the context of AI, Alneyadi et al. (2023) found 

that users with higher confidence in their ability to use AI security systems were 

more likely to adopt these systems. This aligns with the  Liang and Xue (2009)’s 

proposition that users are more likely to perceive threats as avoidable when they feel 

confident in implementing safeguarding measures. Similarly, Crossler (2010) 

demonstrated that self-efficacy positively affects protective behaviors like data 

backups. Therefore, I hypothesize: 

H5b: Self-efficacy has a positive effect on behavioral intention to use LLM outputs 

in projects 

According to PMT 2 (Rogers & Maddux, 1983),  when individuals believe 

that taking preventive action requires a considerable amount of effort, time or 

resources, they are more likely to engage in maladaptive coping rather than 

implementing protective measures. These preventive actions therefore have a 

response cost for the individual. Maladaptive coping often manifests as denial, 

avoidance, or rationalization of inaction, and serves as a psychological mechanism to 

manage the anxiety induced by unaddressed threats. 

This relationship has been empirically validated for technology adoption by 

(Chenoweth et al., 2009). They found that there is a significant positive relationship 

between response cost and maladaptive coping in the context of anti-spyware 

software adoption. In this study, response cost is the overhead associated with 

verifying LLM outputs. Drawing parallels to Chenoweth et al. (2009)’s findings, I 

hypothesize that when users perceive the cost of verifying LLM outputs as too high, 

they will be more likely to engage in maladaptive coping strategies.  

H6a: Response cost has a positive effect on maladaptive coping 
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According to Liang and Xue (2009), users perceive an IT threat as avoidable 

and take a safeguarding measure when the measure is less costly. This relationship is 

supported by Zhang and McDowell (2009), who found that response efficacy and 

fear predicted the intention to use strong passwords, whereas response costs 

negatively influenced this intention. Similarly, Tsai et al. (2016)  corroborated this 

observation by demonstrating that if security measures are perceived as difficult or 

time-consuming, users are less likely to adopt them. Applying this relationship to 

LLM usage where human oversight requires significant verification and evaluation 

effort, I hypothesize: 

H6b: Response cost has a negative effect on behavioral intention to use LLM outputs 

in projects 

 

3.2.1.4  Benefit components 

While PMT provides insights into how users evaluate and respond to technology-

related threats, LLM adoption is also driven by its perceived benefits. To understand 

adoption intentions, benefit-related constructs from UTAUT by (Venkatesh et al., 

2003) are included in the model. 

I focus on three components relevant to LLM adoption in software 

development: performance expectancy, task efficiency and effort expectancy. 

Performance expectancy and effort expectancy have been shown to influence 

attitudes toward technology adoption (Dwivedi et al., 2019; Khalilzadeh et al., 2017). 

Additionally, Fu et al. (2024) emphasized the importance of task efficiency in 

rationalizing ChatGPT use within users' workflows. 

Performance expectancy is the extent to which individuals believe that using 

a technology will improve their job performance. It has been identified as a primary 
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determinant of technology adoption (Blut et al., 2022). In this study, it is defined as 

the degree to which employees believe that using LLM output helps them achieve 

higher productivity, accomplish more in less time, and ultimately enhance their 

professional success. Studies have demonstrated that when users perceive a 

technology as beneficial to their productivity and efficiency, they are more likely to 

adopt it (Dwivedi et al., 2019; Khalilzadeh et al., 2017). 

The positive relationship between performance expectancy and intention to 

use is supported by various studies. A meta-analysis by Blut et al. (2022) confirms 

that performance expectancy remains the strongest predictor of behavioral intention 

to use technology.  Fu et al. (2024) found that users in higher education contexts who 

perceived ChatGPT as enhancing their academic performance were more likely to 

use these tools in their work. Similarly, Camilleri (2024) validated that performance 

expectancy influences users' intentions to adopt LLMs. These findings suggest that 

when users believe LLMs will enhance their performance, they have stronger 

conviction to use these tools. Therefore: 

H7: Performance expectancy has a positive effect on intention to use LLM outputs in 

projects 

Recent research on LLMs has recognized task efficiency as a determiner of 

technology adoption, extending beyond UTAUT constructs (Fu et al., 2024; Hsu & 

Silalahi, 2024). Fu et al. (2024) investigated the benefit-risk-coping paradox of 

ChatGPT adoption in higher education, defining task efficiency as the extent to 

which the technology enables users to complete tasks more effectively and with 

reduced effort. Their study revealed that task efficiency influenced behavioral 

intention. This relationship was further validated by Fu et al. (2024) and Hsu and 

Silalahi (2024), who expanded the UTAUT framework by positioning task efficiency 
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as a motivating factor separate from performance expectancy. Their research showed 

that when users perceive AI tools as enhancing their task completion efficiency, they 

show stronger adoption intentions and increased actual usage behavior. Notably, task 

efficiency emerged as an even stronger predictor of technology use than effort 

expectancy in their study. 

Building on these empirical findings, task efficiency is defined as the extent 

to which employees perceive that using LLM outputs enhances the efficiency of 

completing tasks. The evidence from these studies showing the significant positive 

relationship between perceived efficiency benefits and usage intention leads us to 

hypothesize: 

H8: Task efficiency has a positive effect on intention to use LLM outputs on 

projects. 

Effort expectancy, defined as ease of using a technology (Venkatesh et al., 

2003), has been identified as a determiner of technology adoption. This is supported 

by the meta-analysis from Blut et al. (2022) Which shows that effort expectancy's 

impact is particularly pronounced for mobile technologies. Thus, when users 

perceive a technology as easy to use, they are more likely to develop an intention to 

use it. Similarly, Dwivedi et al. (2019) found in their meta-analysis that effort 

expectancy significantly influenced behavioral intention in over 162 articles they 

have covered. In the context of LLMs, users' perceptions of how easy it is to interact 

with and use LLM is likely to influence their adoption intentions. Therefore: 

H9: Effort expectancy has a positive effect on intention to use LLM outputs on 

projects 
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3.2.1.5  Behavioral intention (dependent variable) 

The UTAUT model proposed by (Venkatesh et al., 2003) establishes behavioral 

intention as a key determinant of actual technology use. Behavioral intention is 

defined as the user’s motivation to engage with the technology and is considered the 

strongest predictor of actual system usage (Dwivedi et al., 2019). This finding is 

supported in longitudinal studies. For example, Blut et al. (2022)'s meta-analysis 

examined 192 empirical studies with a cumulative sample size of 67,497 users. They 

found that behavioral intention had a positive correlation with use. The UTAUT 

model further delineates four moderating variables influencing the strength of the 

relationship between behavioral intention and actual use. 

Experience – The more experience a user has, the stronger the effect of 

behavioral intention on actual usage.  

Voluntariness of use – In mandatory settings, social influence plays a role, whereas 

in voluntary settings, intention remains the dominant factor. 

Gender – Intention of males to use technology is more strongly driven by 

performance expectancy, while females are influenced by effort expectancy and 

social influence. 

Age – Younger users are more likely to be influenced by behavioral intention alone, 

whereas older users also rely on facilitating conditions. 

In this research examining individual adoption of LLMs, I incorporate these 

moderating variables. However, voluntariness of use is excluded, following the 

precedent set by UTAUT 2 (Venkatesh et al., 2012), which eliminated this moderator 

due to its shift from organizational to consumer contexts. This adaptation aligns with 

our focus on individual-level adoption patterns. 
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In the context of this study, behavioral intention is employees’ decision to 

use, stop using or continuing to use LLM output in projects. Drawing from both the 

meta-analyses and the UTAUT framework, I propose the following hypothesis:  

H10: Behavioral intention has a positive effect on actual use of LLM outputs on 

projects 
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Figure 5 Hypothesized model 
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CHAPTER 4 

METHODOLOGY 

 

This chapter outlines the research methodology used to investigate LLM adoption in 

software development teams. It describes the research design, population and 

sampling approach, instrument development process and data collection process. The 

chapter details how the survey was developed, translated, and conducted to measure 

the theoretical constructs in the research model while establishing the 

methodological foundation for the subsequent analysis of factors influencing LLM 

adoption in software development environments. 

 

4.1  Research design 

This study adopts a positivist research paradigm which emphasizes objective 

measurements and statistical data analysis. Creswell and Creswell (2017) describe 

survey research as a methodology aimed at capturing numerical insights into trends, 

attitudes, or perspectives within a given population by analyzing data collected from 

a sample of that population. It includes cross-sectional and longitudinal studies using 

questionnaires or structured interviews for data collection with the intent of 

generalizing from a sample to a population. Based on the research questions, 

objectives and the foreseen analysis, the most suitable strategy for this study is a 

quantitative approach with data collected through questionnaire surveys. After the 

data is collected, the goal is to develop and quantitatively test the model that explains 

the adoption factors of LLMs in software development teams. 
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The unit of analysis in this research is singular team members working on 

software development projects, as the study investigates factors influencing LLM 

adoption at the individual level within software teams. 

 

4.2  Population and sampling 

The population for this study consists of individual software team members who 

have the potential to adopt LLMs in their workplace. To ensure a representative 

sample, inclusion criteria were established requiring that respondents be currently 

employed in software development or related roles where LLM adoption is relevant. 

To ensure that respondents belonged to the appropriate sample frame, the 

online survey instrument started with an introduction explaining the purpose of the 

research. The introduction section of the survey instrument can be found in 

Appendix A. 

The participants in the study included software developers, project/program 

managers, business analysts, quality assurance engineers, product owners, technical 

leads, data science specialists and other relevant roles. 

In the Management Information Systems (MIS) literature, there is no 

universally agreed-upon minimum sample size, as different researchers have 

proposed varying thresholds depending on study context. Some suggest a minimum 

of five (Gopal et al., 1992) or ten times (Hair et al., 2011), of the hypotheses count. 

In our model 15 hypotheses were presented. Thus, 150 would be the minimum 

sample size required for this research. To determine an appropriate sample size, two 

methodologies were employed. The first methodology is the rule of thumb suggested 

by Hair et al. (2011). The second methodology followed is from Kock and  Hadaya 

(2018). Gamma-exponential method was chosen due to its greater precision in 
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approximating true standard errors. The rule of thumb for the gamma-exponential 

method, the minimum absolute path coefficient should be 0.197, which corresponds 

to Cohen’s f2 value of 0.04 —twice the minimum threshold. In this study, a 

significance level of 0.95 and a statistical power of 0.80 were satisfied. Based on 

these parameters, the minimum required sample size for the gamma-exponential 

method calculated to be 146. In this research, 151 survey participants have 

accumulated satisfying both limits.  

The sampling approach was non-probability convenience sampling as the 

survey was distributed through professional networks via email and social media 

platforms including LinkedIn, WhatsApp, Telegram and BiP. Given the time and 

resource constraints, as well as the need to reach participants with relevant 

experience in technology use, this approach allowed reaching the minimum sample 

size. 

 

4.3  Instrument development 

 

4.3.1  Survey development process 

The data collection tool used in this study was a structured questionnaire designed to 

measure the constructs defined in the research model. Following a comprehensive 

literature review about AI risks and AI adoption in MIS literature, factors are 

identified that have the potential to influence this adoption among software 

development teams. The survey instrument was developed by adapting measurement 

scales from UTAUT and PMT theories. 

Prior to the main survey questions, two key concepts were explained to 

ensure consistent understanding among respondents: 
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1. Flawed Large Language Model (LLM) output: Defined as incorrect, biased or 

legally non-compliant content such as infringing on intellectual property 

rights, copyrights or sensitive data leakage. This term was introduced in this 

study to clearly delineate problematic AI outputs. 

2. Human oversight on LLM output:  

a. Ability to detect errors in LLM outputs 

b. Knowledge of when to intervene 

c. Confidence in reviewing outputs for legal compliance 

To establish a common understanding, the European Commission's definition 

of human oversight (Article 14, n.d.-b) is adapted.  

The survey instrument also included demographic questions to gather 

information that might serve as moderating variables: 

● Gender 

● Age 

● Education Level 

● Work Experience 

● Occupation 

● Industry 

● Location 

4.3.2  Measurement scales 

The survey instrument was developed by adapting measurement scales from existing 

literature in UTAUT and PMT. The questionnaire consisted of multiple indicators for 

each construct. This study is a reflective model and therefore all the constructs in this 

study were measured as reflective constructs. Each construct was measured using a 

7-point Likert scale, as in the original articles, ranging from "Strongly Disagree" (1) 
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to "Strongly Agree" (7) to ensure sufficient variance in responses and to maintain 

consistency with the original scales. 

Table 3 List of Constructs and Measurement 

Construct Measurement Type 

Perceived Severity Reflective 

Perceived Vulnerability Reflective 

Self-Efficacy Reflective 

Response Efficacy Reflective 

Response Cost Reflective 

Performance Expectancy Reflective 

Effort Expectancy Reflective 

Task Efficiency Reflective 

Behavioral Intention Reflective 

Actual Use Reflective 

 

For several constructs, including Perceived Severity, Response Efficacy, Self-

Efficacy, and Behavioral Intention, I deliberately collected items from multiple 

established sources. This approach provided alternative measurement options for 

these constructs. Consistent with best practices in PLS-SEM, the statistical properties 

of all candidate indicators are evaluated and retained those that demonstrated 

stronger outer loadings, improved discriminant validity, and theoretical coherence 

(Hair et al., 2022). For instance, when multiple indicators were available for a single 

construct, the ones that provided better discriminant validity, stronger path 

relationships, and more precise representation of the theoretical construct within this 

research context. This methodical selection process enhanced and ensured the overall 

model quality by allowing us to utilize the best fit measurement items for each 

construct rather than being limited to a single source of items that might not 

optimally capture the constructs in the LLM adoption context. Indicators and the 
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references can be found at Appendix B and the Likert scales for each indicator can 

be found in Appendix C. 

 

4.3.3  Translation process 

As the original measurement scales were in English and the target respondents were 

mainly Turkish-speaking professionals, a rigorous translation process was 

implemented. The questionnaire items were first translated into Turkish. To ensure 

conceptual equivalence, and eliminate any inconsistencies the Turkish version was 

then back-translated to English as suggested by Brislin (1970). 

After translations were done, feedback was collected from subject matter 

experts to verify whether the items were clear and whether the translation had 

affected the meaning of the items. Minor adjustments were made based on this 

feedback. 

 

4.4  Data collection, preparation procedures 

Data for this study were collected between 21 February 2025 and 11 April 2025 

using a self-administered online questionnaire. The study received ethical approval 

from the Boğaziçi University ethics committee prior to data collection (see 

APPENDIX E). Participation in the questionnaire was entirely anonymous and 

voluntary. The questionnaire was prepared in both English and Turkish, 

accommodating international and local contacts as well as colleagues. Participants 

could choose their preferred language. 

The survey was distributed via multiple digital channels, including professional 

networks and peer-to-peer (P2P) messaging platforms. Specifically, it was shared in 
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developer-focused groups and chats on WhatsApp, Telegram and BiP, as well as 

through direct messages and a public post on the researcher's LinkedIn profile. 

A total of 151 complete responses were collected through this distribution 

process. All survey items were marked as mandatory, which eliminated the 

possibility of partial responses. The data were downloaded in .xlsx format via 

Google Forms and subsequently prepared for analysis. 

Following data collection, several steps were taken to clean and prepare the 

dataset for analysis. First, responses from the English and Turkish versions of the 

survey were consolidated. Since both versions were distributed using separate 

Google Forms, their respective .xlsx files were manually merged into a single 

dataset. During this process, the Turkish responses to descriptive questions (such as 

gender, occupation and education) were replaced with their English versions. 

All descriptive demographic variables (e.g., gender, age, education level, 

work experience, occupation, industry, country, and actual use) were recoded 

numerically. For example, gender responses were coded as 1 = Female, 2 = Male, 

and 3 = Prefer not to say. Similar coding schemes were applied across all other 

demographic variables to enable statistical analysis.  

In addition, the survey indicators were manually labelled using the construct 

abbreviations. For instance, PS1, PS2, PS3 and so on for Perceived Severity’s 

indicators, and PV1 and PV2 for Perceived Vulnerability, and so on. These labels 

were retained to maintain clarity and with the theoretical model. 

Finally, care was taken to remove any non-ASCII characters from the dataset 

to ensure compatibility with the statistical software and avoid processing errors. 
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CHAPTER 5 

ANALYSIS 

 

This chapter explains the analysis of the study. The chapter starts with presenting the 

demographic profile of respondents, and continues with the analytical approach, as 

well as measurement and structural model assessments. 

 

5.1  Demographic profile of respondents 

A total of 151 complete responses were collected through the online questionnaire 

from individuals working in software development or related fields where LLM 

adoption is relevant. 

Table 4 presents the detailed demographic profile of survey respondents. In 

terms of gender distribution, the sample included 112 males (74.2%) and 37 females 

(24.5%), and two people preferred not to say (1.3%). The age distribution shows that 

the majority of respondents were between 25-29 years (53 respondents, 35.1%), 

followed by the 30-35 age group (40 respondents, 26.5%). For work experience data, 

professionals between three to 10 years of total work experience, accounted for 

46.2% of the sample, representing nearly half of all participants. 
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Table 4 Demographics of Survey Respondents 

 

Category Freq % Category Freq % 

Gender   Work Experience   

Male 112 74.2 Less than 3 years 35 23.2 

Female 37 24.5 3 years or more, but less 

than 5 years 

32 21.7 

Prefer not to say 2 1.3 5 years or more, but less 

than 10 years 

37 24.5 

Age   10 years or more, but 

less than 15 years 

28 18.5 

< 22 years 2 1.3 15 years or more 19 12.6 

22-25 years 24 15.9 Occupation   

25-29 years 53 35.1 Software Developer 

(Backend, Frontend, 

Full Stack, etc.) 

109 72.2 

30-35 years 40 26.5 Business Analyst 13 8.6 

36-41 years 23 15.2 Technical Lead 10 6.6 

42-50 7 4.6 Data Science Specialist 6 3.9 

51-60 2 1.3 Product Owner 5 3.3 

Education Level   Project / Program 

Manager 

5 3.3 

High school graduate and less 2 1.4 Solution Architect / 

System Architect 

3 1.9 

University student 10 6.6    

Graduated from a university 94 62.3    

Master's/PhD student/graduate 45 29.8    
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The majority of respondents were software developers (109 respondents, 72.19%), 

followed by business analysts (13 respondents, 8.61%) and technical leads (10 

respondents, 6.62%). Other roles included project / program managers, data science 

specialists and product owners, solution architects or system architects are each less 

than 4% of the participants. The predominance of software developers in the sample 

mirrors current research trends, where the majority of academic literature focuses 

specifically on LLM applications in coding and development tasks rather than on 

pre-development planning or post-development activities (Fan et al., 2023; Hou et 

al., 2024). This concentration of developers in the sample provides valuable insights 

into LLM adoption among the professional group most directly affected by these 

technologies in their daily work. 

 

5.1.1  LLM usage frequency 

The respondents were asked about their actual use of LLM tools within their 

projects. Table 5 presents the LLM usage frequency among respondents. The data 

reveal that a substantial number of respondents (41.1%) use LLM tools multiple 

times daily which suggests a deep reliance on these technologies in development 

workflows. Combined with participants who use LLMs once daily (4%), nearly half 

of all participants engage with LLMs on a daily basis. Notably, 14.6% of respondents 

reported never using LLM tools in their projects, suggesting that despite the growing 

popularity of these technologies, a significant portion of the software development 

professionals have yet to adopt them. This distribution provides a baseline for 

general LLM penetration in professional software development settings and helps 

contextualize the subsequent analysis of adoption factors. 
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Table 5 LLM Usage Frequency Among Respondents 

LLM Usage Frequency Frequency Percentage 

Several times a day 62 41.1% 

Several times a week 29 19.2% 

Never 22 14.6% 

Several times a month 19 12.6% 

Once a month 7 4.6% 

Once a day 6 4.0% 

Once a week 6 4.0% 

 

5.1.2  Industry and geographic distribution 

I asked respondents about the industry their company operates in and their 

company's country of operation. This demographic information helps understand 

LLM adoption across different sectors and geographical regions. It can potentially 

reveal industry-specific or regional patterns in adoption behaviors. 

Table 6 presents the distribution of respondents across industries. The majority of 

participants work in Technology, Media and Telecommunications (78 respondents, 

61.9%), followed by Financial Services (28 respondents, 22.2%). The remaining 

respondents are distributed across various sectors.  
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Table 6 Industries 

Industry Frequency Percentage 

Technology, Media and Telecommunications 94 62.3 

Financial Services 29 19.2 

Transportation and Logistics 6 4.0 

Government Policy 5 3.3 

Energy, Infrastructure and Natural Resources 4 2.6 

Automotive 2 1.3 

Tourism 2 1.3 

Industrial Production 2 1.3 

Retail and Consumer Products 2 1.3 

Health 2 1.3 

Pharmaceuticals and Life Sciences 1 0.7 

Construction and Engineering 1 0.7 

Private Equity 1 0.7 

 

Table 7 shows the geographical distribution of respondents' companies. The majority 

of participants were based in Türkiye (104 respondents, 68.9%), followed by Belarus 

(13 respondents, 8.6%). This distribution diverges from the global patterns observed 

in larger-scale developer surveys. The most recent and the biggest developer survey 

was conducted by Stack Overflow Developer Survey in 2024.  This disproportionate 

representation is likely attributable to the distribution method of the current survey, 

as it was distributed through professional and academic networks primarily 

accessible to the researcher. 

https://survey.stackoverflow.co/2024/
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Table 7 Demographics About Countries 

 Categorization Frequency Percent 

 

 

 

 

 

 

 

 

 

 

Country 

Türkiye 104 68.9 

Belarus 13 8.6 

France 6 4.0 

Germany 5 3.3 

USA 5 3.3 

Spain 4 2.6 

United Kingdom 3 2.0 

India 3 2.0 

Estonia 2 1.3 

Finland 1 0.7 

Sweden 1 0.7 

Italy 1 0.7 

Russia 1 0.7 

Qatar 1 0.7 

United Arab Emirates 1 0.7 

 

To check for potential nonresponse bias, early and late survey respondents were 

compared, following the approach of Armstrong and Overton (1977). Using response 

timestamps, the full sample was split into early and late respondents, and 

independent sample t-tests were performed on demographic items. Most items 

showed no significant differences between the two groups. Two items (Age and 

Experience) showed significant differences, the effect sizes were small (Lakens, 

2013). These results show that nonresponse bias is not likely to be a concern in this 

study. 
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5.2  Analysis of the model 

This study employed Partial Least Squares Structural Equation Modelling (PLS-

SEM) to estimate and validate the proposed research model. PLS, which is an SEM-

based tool, is a variance-based, nonparametric technique well-suited for prediction-

focused research. It accommodates both formative and reflective measurement 

models and handles linear as well as nonlinear relationships, even in complex models 

(Chin & Newsted, 1999). The decision to apply PLS-SEM is grounded in both the 

study’s objectives and its design characteristics, in alignment with recommendations 

from Urbach and Ahlemann (2010). This exploratory research study has introduced a 

new conceptual model grounded in two established theories, UTAUT and PMT. This 

approach differs from developing an entirely new theory or merely validating an 

existing one; rather, it involves restructuring established theoretical frameworks in a 

novel context, LLM adoption. PLS-SEM is particularly suited for such model 

development studies. Additionally, the relatively limited sample size in this research, 

fewer than 200 participants, aligns with PLS-SEM’s suitability for small to medium 

samples (Urbach & Ahlemann, 2010). The non-normal distribution characteristics of 

the responses support using PLS-SEM. The study aims to explain the variance in 

behavioral intention and actual LLM use by examining the influence of various 

factors. Accordingly, the primary focus is on identifying the relationships between 

constructs and the strength of those relationships. Finally, PLS-SEM has superior 

capacity to tolerate potential multicollinearity issues between predictor variables, 

which is important for our model that combines variables from different theoretical 

frameworks (Hair, Ringle, et al., 2011). 

In this study, WarpPLS 8.0, a PLS-SEM-based statistical tool, is used to 

conduct the analysis. WarpPLS provides the estimated path coefficients and allows 
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for the simultaneous assessment of both the measurement and structural models 

(Chin et al., 2003). WarpPLS can estimate both linear and nonlinear relationships 

among latent variables without requiring manual specification. It provides a 

comprehensive set of models fit and quality indices — including the Average Path 

Coefficient (APC), Average R-squared (ARS), and Average Full Collinearity VIF 

(AFVIF) — making it suitable for evaluating both the structural and measurement 

models. 

 

5.2.1  Measurement model assessment 

The measurement model was evaluated using standard validity and reliability metrics 

recommended in PLS-SEM (Urbach & Ahlemann, 2010). First, the reliability 

metrics of the model are checked. Internal consistency reliability is typically 

evaluated using Cronbach's alpha (CA), which has long been the standard 

measurement approach. As a complementary assessment method, researchers also 

employ composite reliability (CR) (Werts et al., 1974). Both metrics serve to 

determine the reliability of measurement constructs, though they approach this 

evaluation from slightly different methodological perspectives. While CA assumes 

that all indicators contribute equally to the construct, CR takes into account that 

indicators have different loadings (Henseler et al., 2009). 

Regardless of the coefficients used for internal consistency, values above 0.7 

are desirable. Convergent validity was established through Average Variances 

Extracted (AVE). Values exceeding 0.5 threshold indicates adequate convergent 

validity (Urbach & Ahlemann, 2010). Additionally, loadings and cross-loading 

analysis are used for confirming convergent validity which will be discussed in 

greater detail in the section addressing indicator reliability.   
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Table 8 below shows that both CR and CA values exceed 0.7, and AVE 

values are greater than 0.5, which satisfy the thresholds. 

Table 8 Composite Reliability Coefficients and Cronbach’s Alpha Results for 

Internal Consistency Coefficients AVE for Convergent Validity 

 Composite Reliability 

Coefficients 

Cronbach’s Alpha 

Coefficients 

Average variances 

extracted 

PS 0.909 0.849 0.768 

PV 0.921 0.870 0.795 

RE 0.901 0.835 0.753 

SE 0.922 0.872 0.797 

RC 0.848 0.727 0.653 

PE 0.941 0.875 0.889 

EE 0.953 0.935 0.836 

TE 0.940 0.904 0.839 

MC 0.906 0.844 0.763 

BI 0.955 0.929 0.876 

AU 1.000 1.000 1.000 

 

To verify discriminant validity, I examined whether each construct's square root of 

AVE exceeded its correlations with other latent variables. As demonstrated in Table 

9, all constructs met this criterion, confirming discriminant validity in our 

measurement model (Kock & Lynn, 2012). 
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Table 9 Correlations Among Latent Variables and Square Roots of Average 

Variance Extracted Values 

  PS PV RE SE RC PE EE TE MC BI AU 

PS 0.877           

PV -0.143 0.891          

RE 0.171 -0.150 0.868         

SE 0.037 -0.128 0.516 0.893        

RC 0.387 0.223 -0.153 -0.075 0.808       

PE 0.055 0.047 0.429 0.485 -0.004 0.943      

EE 0.139 -0.138 0.473 0.698 -0.071 0.626 0.915     

TE 0.010 0.132 0.452 0.463 0.006 0.765 0.554 0.916    

MC 0.010 0.374 -0.147 -0.125 0.248 0.078 -0.078 0.130 0.873   

BI 0.020 0.024 0.450 0.578 -0.001 0.731 0.710 0.670 0.093 0.936  

AU -0.067 0.010 0.308 0.442 -0.174 0.514 0.528 0.500 -0.154 0.517 1.000 

 

Discriminant validity was further assessed using the Heterotrait-Monotrait (HTMT) 

ratio of correlations. HTMT values are considered to be good if < 0.9 and best if < 

0.85. As shown in Table 10, the HTMT values for most construct pairs were well 

below the threshold of 0.85, indicating discriminant validity between those 

constructs. Only the relationship between Performance Expectancy (PE) and 

Technology Enhancement (TE) showed a slightly elevated HTMT value of 0.86. 

(Henseler et al., 2015) recommend a threshold of 0.9 for conceptually similar 

constructs and 0.85 for conceptually distinct constructs. Therefore, 0.9 is the 

recommended limit. 
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Table 10 HTMT Ratios 

 PS PV RE SE RC PE EE TE MC BI AU 

PS            

PV 0.165           

RE 0.207 0.175          

SE 0.070 0.151 0.603         

RC 0.479 0.296 0.211 0.106        

PE 0.065 0.056 0.504 0.554 0.089       

EE 0.156 0.152 0.537 0.774 0.108 0.694      

TE 0.077 0.152 0.521 0.522 0.069 0.860 0.604     

MC 0.060 0.435 0.177 0.144 0.330 0.091 0.103 0.155    

BI 0.075 0.045 0.511 0.641 0.039 0.810 0.763 0.730 0.111   

AU            

 

Indicator reliability can be observed from cross-loading tables and was assessed to 

ensure that each item strongly represented its intended latent construct and did not 

significantly load on others (Hair, Ringle, et al., 2011). All indicators showed 

loadings higher than 0.7 for their intended constructs while showing lower values for 

other constructs in the cross-loadings table, with statistical significance at p < 0.001 

(Amora, 2021). The cross-loading table can be found in Appendix D.  

Additionally, the difference between each indicator's highest loading and its 

second-highest cross-loading was calculated to ensure that this difference exceeded 

0.20 (Howard, 2016). This criterion supports discriminant validity by confirming that 

each item loads substantially higher on its associated construct than on any other 

construct. 
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Table 11 Cross-loading Control 

 Max Loadings 2ndMax Loadings Difference  If Dif > .20 

PS4 0.897 0.096 0.801 TRUE 

PS5 0.893 0.091 0.802 TRUE 

PS6 0.839 0.113 0.726 TRUE 

PV1 0.898 0.082 0.816 TRUE 

PV2 0.915 0.123 0.792 TRUE 

PV3 0.86 0.16 0.7 TRUE 

RE1 0.851 0.209 0.642 TRUE 

RE2 0.835 0.114 0.721 TRUE 

RE3 0.915 0.096 0.819 TRUE 

SE1 0.896 0.14 0.756 TRUE 

SE2 0.926 0.126 0.8 TRUE 

SE3 0.854 0.281 0.573 TRUE 

RC1 0.851 0.146 0.705 TRUE 

RC2 0.893 0.152 0.741 TRUE 

RC3 0.663 0.247 0.416 TRUE 

PE2 0.943 0.151 0.792 TRUE 

PE3 0.943 0.129 0.814 TRUE 

TE1 0.889 0.357 0.532 TRUE 

TE2 0.93 0.075 0.855 TRUE 

TE3 0.934 0.062 0.872 TRUE 

EE1 0.904 0.051 0.853 TRUE 

EE2 0.909 0.238 0.671 TRUE 

EE3 0.937 0.059 0.878 TRUE 

EE4 0.902 0.095 0.807 TRUE 

MC1 0.826 0.331 0.495 TRUE 

MC2 0.901 0.138 0.763 TRUE 

MC3 0.89 0.231 0.659 TRUE 

BI5 0.93 0.144 0.786 TRUE 

BI6 0.955 0.056 0.899 TRUE 

BI7 0.922 0.063 0.859 TRUE 

Actual_Use 1000 0 1000 TRUE 
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To address potential common method bias (CMB) that might arise from online 

questionnaire data collection, Harman's single factor test and full collinearity 

variance inflation factors (FVIF) was conducted (Kock, 2015, 2021).  By 

consolidating all indicators into a single latent variable and calculating the Average 

Variance Extracted (AVE) using WarpPLS. Following (Kock, 2021) guidelines, an 

AVE value below 0.5 for this aggregated latent variable indicates the absence of 

significant common method bias. 

In Harman's single factor test, the AVE result was 0.332, which shows that 

there is no CMB concern in the indicators. VIF for each construct and the Average 

full collinearity VIF (AFVIF) values was also checked. According to (Kock, 2015), a 

VIF lower than 5 is good and 3.3 is ideal. In this research, each of the constructs is 

below 3.3, demonstrating that common method bias was not considered an issue for 

our model. 

Table 12 Full collinearity VIFs 

PS PV RE SE RC PE EE TE MC BI AU 

1.406 1.330 1.689 2.233 1.442 3.180 3.086 2.863 1.337 3.101 1.716 

 

5.2.2  Structural model assessment 

To evaluate the relationships among latent variables and to test the proposed 

hypotheses, the structural model was assessed following the guidelines of PLS-SEM 

(Hair, Ringle, et al., 2011; Henseler et al., 2009). This stage of the analysis focuses 

on estimating the effect, direction, and significance of the hypothesized paths among 

constructs in the conceptual model.  

In this analysis, I evaluated multiple models using the specified indicators. 

The model demonstrating the highest R² value was selected as our final model. As 
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shown in Table 13, the accepted model's performance metrics—including the 

average path coefficient (APC), Average R-squared (ARS), Average adjusted R-

squared (AARS), and average full collinearity VIF (AVIF) values — all fell within 

expected parameters, confirming the model's statistical validity (Kock, 2024). 

Table 13 Model Fit and Quality Indices 

Average path coefficient (APC) 0.169, P<0.001 

Average R-squared (ARS) 0.431, P<0.001 

Average adjusted R-squared (AARS) 0.409, P<0.001 

Average block VIF (AVIF) 1.622, acceptable if <= 5, ideally <= 3.3 

Average full collinearity VIF (AFVIF) 2.059, acceptable if <= 5, ideally <= 3.3 

 

P-values were calculated using the Stable3 method, which is the default 

nonparametric resampling approach in WarpPLS (Kock, 2024). For robustness 

checks, additional analyses using bootstrapping and jackknifing methods were also 

conducted. Bootstrapping creates many new samples by randomly picking from the 

data and jackknifing leaves out one participant at a time from the data (Urbach & 

Ahlemann, 2010). Stable3 is the recommended method in WarpPLS as it yields 

estimates that are more closely approximate actual standard errors (Kock, 2018). In 

addition, given that Stable3 produced the greatest number of statistically significant 

constructs (p < 0.05), it was selected as the main resampling approach for this 

analysis. 
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Table 14 P-values of Path Coefficients Using Stable3, Jackknifing and Bootstrapping 

Techniques 

Path coefficients, which represent the strength and direction of relationships between 

the constructs in the theoretical model, its p-value reveal whether the hypothesized 

relationships were statistically significant. Table 15 presents the path coefficients 

with their corresponding p-values, and effect sizes. Results indicate that Perceived 

Severity (PS) has a positive influence on Maladaptive Coping (MC) with a path 

coefficient of 0.167 (p = 0.017) and a small effect size of 0.025. Similarly, Perceived 

Vulnerability (PV) demonstrates an impact on MC with a coefficient of 0.282 (p < 

0.001) and a medium effect size of 0.130, while Response Cost (RC) also 

Stable3 

  PS PV RE SE RC PE EE TE MC BI AU 

MC 0.017 <0.001 0.184 0.182 <0.001       

BI 0.295 0.249 0.394 0.105 0.491 <0.001 <0.001 0.016 0.227   

AU          <0.001  

Jackknifing 

  PS PV RE SE RC PE TE EE MC BI AU 

MC 0.458 <0.001 0.204 0.271 0.005       

BI 0.369 0.428 0.377 0.132 0.490 0.003 0.068 0.006 0.120   

AU          <0.001  

Bootstrapping 

  PS PV RE SE RC PE TE EE MC BI AU 

MC 0.264 <0.001 0.242 0.247 0.009       

BI 0.288 0.276 0.342 0.096 0.498 0.002 0.049 0.001 0.119   

AU          <0.001  
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significantly influences MC (β = 0.261, p < 0.001, effect size = 0.104). Self-efficacy 

and Response-efficacy has no significant effect on MC. 

With regard to Behavioral Intention (BI), the analysis identified three 

significant determinants: Performance Expectancy (PE) positively affects BI with a 

coefficient of 0.353 (p < 0.001) and a high effect size of 0.265, Effort Expectancy 

(EE) exhibits a strong positive influence on BI (β = 0.299, p < 0.001, effect size = 

0.213), and Task Efficiency (TE) also significantly impact on BI (β = 0.170, p = 

0.016, effect size = 0.118). Furthermore, the model confirmed that BI significantly 

predicts Actual Use (AU) with a robust path coefficient of 0.527 (p < 0.001) and a 

large effect size of 0.278. 

On the other side, perceived severity (PS), perceived vulnerability (PV), self-efficacy 

(SE), response efficacy (RE) and response cost (RC) had no significant influence on 

BI. 

 

 

Figure 6 Model results 
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The results indicate that, there is no moderating factor detected that has a significant 

influence on actual use of LLMs. 

Table 15 Path Coefficients, P values, and Effect Sizes 

Path Path Coefficients (ß) P-value Significance Effect Size 

PS → MC 0.167 0.017 Significant 0.025 

PS → BI 0.044 0.295 Not significant 0.003 

PV → MC 0.282 <0.001 Significant 0.108 

PV → BI 0.055 0.249 Not significant 0.013 

RE → MC -0.072 0.184 Not significant 0.011 

RE → BI 0.022 0.394 Not significant 0.010 

SE → MC -0.073 0.182 Not significant 0.009 

SE → BI 0.100 0.105 Not significant 0.058 

RC → MC 0.261 <0.001 Significant 0.084 

RC → BI -0.02 0.491 Not significant 0.001 

PE → BI 0.353 <0.001 Significant 0.265 

EE → BI 0.299 <0.001 Significant 0.213 

TE → BI 0.170 0.016 Significant 0.118 

MC → BI 0.060 0.227 Not significant 0.012 

BI → AU 0.527 <0.001 Significant 0.278 

 

The results of the questionnaire for the structural model are shown in Table 16. 

Seven out of fifteen hypotheses are supported. The significance of relationships 

between constructs is demonstrated through their p-values, effect sizes, and 

magnitudes. 
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Table 16 Hypotheses in the Model 

Hypothesis Supported / Not 

Supported 

H1: Maladaptive coping has a positive effect on the behavioral 

intention to adopt LLM in software projects. 

Not Supported 

 H2a: Perceived vulnerability is positively associated with maladaptive 

coping. 

Supported 

 H2b: Perceived vulnerability has a negative effect on behavioral 

intention to adopt LLM in software projects 

Not Supported 

 H3a: Perceived severity has a positive effect on maladaptive coping  Supported 

 H3b: Perceived severity has a negative effect on behavioral intention to 

use LLM in projects 

Not Supported 

 H4a: Response efficacy has a negative effect on maladaptive coping Not Supported 

 H4b: Response efficacy has a positive effect on behavioral intention to 

use LLMs in projects. 

Not Supported 

 H5a: Self-efficacy has a negative effect on maladaptive coping  Not Supported 

 H5b: Self-efficacy has a positive effect on behavioral intention to use 

LLM outputs in projects 

Not Supported 

 H6a: Response cost has a positive effect on maladaptive coping Supported 

 H6b: Response cost has a negative effect on behavioral intention to use 

LLM outputs in projects 

Not Supported 

 H7: Performance expectancy has a positive effect on intention to use 

LLM outputs in projects 

Supported 

 H8: Task efficiency has a positive effect on intention to use LLM 

outputs on projects. 

Supported 

 H9: Effort expectancy has a positive effect on intention to use LLM 

outputs on projects 

Supported 

H10: Behavioral intention has a positive effect on actual use of LLM 

outputs on projects 

Supported 
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CHAPTER 6 

DISCUSSIONS, LIMITATIONS, AND CONCLUSION 

 

This chapter interprets the key findings from the structural equation modeling 

analysis and examines the relationships between constructs in the research model. 

This analysis takes into account methodological limitations and contextual factors. 

The chapter concludes by summarizing the research implications and proposing 

directions for future studies. 

 

6.1  Factors affecting LLM adoption in software development teams 

The analysis revealed that three UTAUT-derived constructs influence behavioral 

intention to use LLMs in the software development context, notably performance 

expectancy, effort expectancy and task efficiency. 

The strongest indicator of behavioral intention was performance expectancy 

which indicates that software professionals' perception of productivity gains 

increases their intention to adopt LLMs. This aligns with the literature which 

identified performance expectation as the most important  determinant for the 

intention to use a new technology (Blut et al., 2022). It is also corroborated  by 

Camilleri (2024)’s finding of performance expectancy as a predictor for LLM 

adoption. Similarly, Fu et al. (2024) highlighted that clear performance gains 

significantly influence the intention to use ChatGPT. These findings, aligned with 

our study, shows that performance expectancy retains its explanatory power in new 

technologies– LLMs, with different user profiles – software professionals. 

Effort expectancy exhibited a positive influence on behavioral intention in 

this study. This finding reinforces UTAUT explanatory power which recognizes 
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effort expectancy as a key  predictor of adoption (Blut et al., 2022; Dwivedi et al., 

2019). In the context of LLMs,  Fu et al. (2024) reframe effort expectancy as the 

user’s perception of convenience, clarity, and minimal cognitive load when 

interacting with ChatGPT. Their findings aligned with Hsu and Silalahi (2024) 

showed that such perceptions significantly influenced adoption decisions. Thus, the 

perceived ease of using LLMs impacts software developers' willingness to adopt 

these tools into their workflow. These findings collectively suggest that user-friendly 

interfaces and ease of implementation of LLM tools are critical for adoption. 

Task efficiency was also found to have a significant effect on behavioral 

intention, suggesting that software developers are motivated to adopt LLMs when 

these tools enhance the effectiveness of task executions. This effect appears to 

extend beyond traditional UTAUT constructs, indicating that efficiency at the task 

level is a distinct and significant driver of adoption. Our findings align with Hsu and 

Silalahi (2024) and   who also identified task efficiency as a standalone motivational 

factor beyond traditional UTAUT constructs which significantly influence AI 

adoption. Software professionals benefit from LLMs in code generation, debugging, 

and documentation (M. Chen et al., 2021a; Dvivedi et al., 2024; Tian et al., 2024). 

As these are essential stages of the SDLC process, efficiency improvements result in 

reduced overall development time. As shown by the analysis results, LLMs are well-

suited for software development’s task-oriented nature whereby improvements in 

task-level productivity increases the intention to adopt this technology. 

These findings combined show that software professionals place importance 

primarily on the benefits of a new technology when considering its adoption. The 

effect sizes associated with these relationships highlight the explanatory power of the 
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UTAUT framework in understanding LLM adoption within the software 

development context. 

Our analysis of the PMT constructs yielded insights regarding the threat 

appraisal process in LLM adoption. Perceived severity (PS) demonstrated a positive 

influence on maladaptive coping which suggests that developers' security concerns 

may increase avoidance or denial strategies when confronting risks of LLM use. This 

finding aligns with Rogers (1975)’s PMT model where a high perceived severity of 

negative consequences can trigger an emotion-focused coping response when 

individuals feel unable to manage the threat. Similar patterns also found in different 

studies such as Xin et al. (2021) found that high perceived severity in the context of 

mobile malware was associated with hopelessness and withdrawal, especially when 

users lacked the confidence to address the threat. Liang and Xue (2009) suggested 

that when perceived severity is high and users do not perceive adequate control or 

coping options, it may result in psychological stress and maladaptive behaviors. 

While the effect size of perceived severity is relatively small, this study also supports 

this relationship. This indicates that the awareness of LLMs’ risks and their severity 

can lead to maladaptive coping mechanisms among software professionals such as 

avoidance or inaction. 

Perceived vulnerability (PV) emerged as a stronger predictor of maladaptive 

coping in our model. This shows that developers who perceive a higher likelihood of 

encountering flawed LLM outputs tend to engage more in avoidance behaviors rather 

than adaptive risk management. This finding is consistent with PMT’s (Rogers, 

1975; Rogers & Maddux, 1983) suggestion. This underscores how perceived 

vulnerability to LLM-related risks can trigger psychological defense mechanisms. A 

similar pattern has been observed through other research techniques, notably the 
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Technology Threat Avoidance Theory (TTAT) framework developed by Liang and 

Xue (2009). TTAT is based on PMT and posits that when users perceive threats as 

likely and unavoidable, they are more inclined to adopt emotion-focused responses, 

such as avoidance or disengagement. 

Similar to PS and PV, Response cost (RC) also demonstrated a significant 

positive effect on maladaptive coping as assumed by PMT. This indicates that the 

perceived overhead costs associated with implementing human oversight on LLM 

outputs contributes significantly to maladaptive coping strategies. When software 

professionals view the effort required for proper LLM output verification as 

excessive, they are more likely to adopt avoidance strategies rather than 

implementing appropriate safeguards. This finding is in line with Chenoweth et al. 

(2009) who found a positive link between response cost and avoidance in the context 

of anti-spyware software. In the literature review part, a series of LLMs’ flawed 

output is highlighted such as hallucinations, biased outputs or security 

vulnerabilities, and their verification process can lead to cognitive overload or 

rigorous amount of time. Therefore, the perception of high implementation costs for 

risk mitigation strategies are likely to end in maladaptive behaviors. 

Our findings revealed that the PMT-derived threat appraisal constructs 

(perceived severity and perceived vulnerability) and coping appraisal constructs 

(response efficacy, self-efficacy, and response cost) did not directly influence the 

behavioral intention to use LLMs. Several explanations may account for these 

unexpected findings, which we discuss below.   

We hypothesized that maladaptive coping would positively impact behavioral 

intention to use LLMs, which was not supported by the results. In classical PMT 

models, maladaptive coping responses are thought to undermine protective actions. 
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For instance, someone in denial about a risk is less likely to adopt a recommended 

safeguard but such relationships are also context-dependent as in anti-spyware  or 

health (Rippetoe & Rogers, 1987). In this study, the lack of a significant relationship 

can be caused by developers exhibiting maladaptive coping who still showed interest 

in LLMs due to other motivations. LLMs offer many tangible benefits as we 

discussed in the literature review part such as code generation (Jiang et al., 2024), 

debugging (Tian et al., 2024) and assistance in requirement elicitation (Cosler et al., 

2023). These positive expectations may have overridden risk-based concerns. Thus, 

an individual who rationalizes that LLMs sometimes hallucinate might still intend to 

adopt LLMs because of perceived benefit gains. Kuhail et al. (2024) support this 

argument in their research as they found that developers who felt most threatened by 

AI were also frequent users due to the benefit gains. Other possible reasons could be 

AI integrations into development tools whereby developers receive automated 

coding assistance without explicitly opting in, as well as self-inflicted pressure to use 

AI tools to stay competitive. 

The hypothesis that threat appraisal factors, perceived vulnerability and 

perceived severity negatively influences software professional’s intention to adopt 

LLMs was not supported. In this study, perceived severity refers to the belief about 

the seriousness of potential harm resulting from flawed LLM outputs in software 

projects, while perceived vulnerability reflects the perceived likelihood of 

encountering such flawed outputs. These constructs were included to capture 

software professionals’ risk perceptions. A likely explanation that our findings do not 

align with previous studies is that these research have focused on cybersecurity and 

anti-malware systems, which are designed to protect against external threats. 

However, this study demonstrates that LLMs are generally perceived as productivity-
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enhancing tools rather than technologies to be avoided. This study respondents are 

developer dominated and they may view LLM risks negligible because they consider 

LLM outputs as manageable risks rather than severe threats, given their perceived 

response cost (mentioned below) of validating LLM output non-significant overhead 

cost. Our results suggest that in the software development context, developers do not 

perceive LLMs’ risk as severe or likely enough to influence adoption intention. The 

productivity benefits and the popularity of LLMs could overshadow potential threats 

in the decision-making process.  

Another explanation could be the lack of fear appeal in our setting. Unlike 

experiments that deliberately heighten fear appeals (Johnston & Warkentin, 2010), 

our survey did not promote the fear of negative consequences from flawed LLM 

output. Research on emergency warning apps (Fischer-Preßler et al., 2022) found 

that perceived severity failed to predict users’ intentions when no strong fear trigger 

was present. Given the relative novelty of LLMs in professional software 

development environments, software professionals are not yet fully aware of the 

potential risks associated with LLM use. Awareness of specific threats such as 

hallucinations, biases, copyright infringement risks and security vulnerabilities are 

still developing within the community. 

The hypothesis that response cost would negatively affect intention was 

unsupported. This indicates that perceived costs of human oversight did not 

significantly deter software professionals from intending to use LLMs. A plausible 

reason is that the sample in this study are mainly software developers, and human 

oversight is already an ingrained practice among developers, regardless of LLM use. 

In traditional software engineering workflows, critical code reviews, pair 

programming and quality assurance processes are common practice (Bacchelli & 
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Bird, 2013). Developers are accustomed to reviewing outputs as part of their work. 

Thus, the additional cost of reviewing LLM outputs may have been perceived as 

minimal or as expected, rather than an additional effort which would impact the 

adoption intention. In addition, the perceived benefits of using LLMs could outweigh 

concerns about the cost of oversight. It is plausible that developers prioritized 

productivity gains from LLM use over any concerns about oversight effort. 

We hypothesized that higher efficacy beliefs would encourage adoption 

intention and reduce maladaptive coping. Specifically, greater response efficacy 

(belief in the effectiveness of human oversight) and self-efficacy (confidence in 

reviewing LLM outputs for errors, intervention points and legal compliance) could 

positively influence behavioral intention and negatively influence maladaptive 

coping. However, the findings did not support these relationships. One possible 

reason is that new risks often have low salience, and many individuals have not yet 

witnessed their consequences. Without first-hand experiences of threats, users may 

develop a false sense of security (Johnston & Warkentin, 2010). This might 

undermine the entire threat appraisal process (Johnston & Warkentin, 2010). In such 

cases, even if users agree that an oversight mechanism could be effective, the 

perceived threat remains too abstract to take any action. Essentially, strong efficacy 

beliefs are unlikely to motivate protective behavior if the person doubts the threat’s 

relevance. This optimism bias in new technology contexts means efficacy constructs 

lack significance as long as people feel detached from the risks and do not act on 

coping appraisals (Johnston & Warkentin, 2010). 

In addition, this study shows that LLM adoption decisions among software 

developers are likely benefit-driven rather than fear-driven. If an LLM tool greatly 

improves productivity, users may intend to use it regardless of how strenuous they 
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perceive the oversight. In such scenarios, the variance in behavioral intention is 

mostly captured by positive expectations which reduces the impact of response 

efficacy or self-efficacy.  

In the literature, there is contextual variability in the predictive power of 

PMT constructs (Marikyan, 2023). This inconsistent pattern likely reflects how 

perceptions of threats and their consequences vary by technological context and 

application domain (Ifinedo, 2012). 

In the LLM adoption context specifically, the absence of direct effects from 

PMT constructs on behavioral intention suggests that software professionals may 

process risk information differently than in other technological domains. The 

unprecedented productivity benefits and popularity of LLMs may overshadow 

potential threats in the decision-making process. 

The relationship between behavioral intention and actual use emerged as one 

of the strongest in our model. This confirms that the intention to use LLMs predicts 

the actual adoption behavior among software professionals. This finding aligns with 

the existing literature which identified intention as a strong predictor for actual use . 

 

6.2  Implications 

 

6.2.1  Theoretical contribution 

This research contributes to our understanding of how software development teams’ 

approach LLM adoption in their work. By introducing a model based on PMT and 

UTAUT constructs, both risk perceptions and expected benefits have been applied to 

AI adoption decisions. Previous PMT-UTAUT models did not consider maladaptive 

coping construct which is included in this study and its effect was assessed. This 
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approach helps explain the considerations developers weigh when evaluating these 

AI tools. 

Our application of PMT in the context of AI tools for professional software 

development environments extends the theory into a new domain. UTAUT 

constructs have been validated by this study in the context of AI. 

 

6.2.2  Practical implications 

For organizations and individuals, the study findings provide actionable insights. 

While LLM adoption is primarily benefit-driven, the lack of risk awareness among 

software professionals can lead to risky behaviors when interacting with LLMs such 

as integrating vulnerable code to projects or exploiting their sensitive business data 

to LLMs. Organizations might consider training programs for increasing the 

awareness of limitations and possible risks of LLM-generated outputs. Such 

initiatives could help foster a more informed usage, where LLMs are seen as 

valuable assistants, but not infallible sources. 

Although perceived risks of using LLMs do not significantly affect adoption 

intention, they do have a significant effect on maladaptive coping behaviors. When 

risk perceptions of LLMs are more prevalent among software professionals but 

unaddressed, they may lead to avoidance, inaction, or deliberate neglect of those 

risks. Therefore, when organizations train software professionals on risks of LLMs, 

they should also incorporate risk mitigation strategies more clearly. This can ensure 

raising awareness of risks does not unintentionally discourage usage but instead 

promotes a responsible interaction with these tools. 
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6.3  Limitations and areas for further research 

This study has several limitations. First, the use of non-probability convenience 

sampling limits the generalizability of findings to the broader software development 

community. As participants were selected based on accessibility rather than random 

sampling, the sample may not fully represent all demographic or professional groups. 

In this study, the scope is expanded to include diverse roles within software 

development teams rather than focusing on specific occupational subgroups. Future 

research could benefit from examining adoption patterns within more narrowly 

defined professional roles to provide more granular insights into how different 

specialists approach LLM adoption. In addition, researchers may explore alternative 

coping responses to the risks discussed in this study. Identifying and evaluating 

different strategies beyond those examined here can enrich our understanding of how 

teams manage concerns related to LLM integration. 

Future studies might consider tracking how professionals' views on LLM 

risks change over time as they gain real-world experience with these tools. A 

longitudinal study can be insightful. In addition, in-depth interviews with software 

professionals would likely provide more nuanced perspectives on what drives 

adoption decisions than our survey alone could capture. Therefore, we suggest 

including qualitative research methodology for the same study. Studies might also 

strengthen the model by including additional constructs that would influence 

technology acceptance. Furthermore, it would be valuable to replicate this study in 

the future within a different technological context. 
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APPENDIX A 

CONSENT FORM 

 

Consent: 

 

Dear Participant, 

This research was conducted within the scope of Boğaziçi University, Management Information 

Systems Master's program. It is carried out by Tuba Balta with the consultancy of Assoc. Prof. Dr. 

Nazım Taşkın. We aim to fill the gap in the literature with this Master Thesis on AI adoption in 

software development teams. We invite you to participate in this survey aimed at understanding your 

approach towards large language model outputs. If you agree to participate in this study, you will 

answer some questions related to your experience with LLM. The questionnaire consists of 47 

questions. Filling the questionnaire is expected to take 15 minutes. 

During the survey, no personal information will be collected. The results will be collected 

anonymously. Your participation in the study is voluntary. We will not charge or pay you for the 

participation. You have the right to withdraw from the project work and this survey at any time and in 

that case, you will not be negatively affected in any way. In addition, if you withdraw from the study 

at any point during the process, the data collected from your response will be destroyed, including the 

stored backups where the data is stored. The results of this research, which will analyze in depth the 

impact of flawed LLM output on the adoption of artificial intelligence, can be used by academics, 

potential artificial intelligence users and artificial intelligence suppliers for future studies and projects, 

and can be presented as a publication. Thank you for participating in our survey. 

If you have any questions, please contact Tuba Balta (email: tuba.balta@std.bogazici.edu.tr) at any 

given time. You can also consult Boğaziçi University Social and Human Sciences Human Research 

Ethics Committee sbinarek@bogazici.edu.tr) regarding your rights in this study. 
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APPENDIX B 

INDICATORS 

 

Table 1 Survey constructs, questions and sources used in the research study. 

Main Constructs Indicators/items References 

Perceived Severity (PS) PS1: I concern when projects are affected by using flawed LLM 

outputs 

PS2: I concern when the use of flawed LLM outputs hinders the 

project quality in the development process. 

PS3: I am scared that if I use flawed LLM outputs more frequently 

it will affect the project's reliability. 

Fu, C. J., Silalahi, A. D. K., Huang, S. C., 

Phuong, D. T. T., Eunike, I. J., & Yu, Z. H. 

(2024). The (Un) Knowledgeable, the (Un) 

Skilled? Undertaking Chat-GPT Users’ 

Benefit-Risk-Coping Paradox in Higher 

Education Focusing on an Integrated, 

UTAUT and PMT. International Journal of 

Human–Computer Interaction, 1-31. 

Perceived Vulnerability (PV) PV1. It is likely that I will use flawed LLM outputs in the projects 

PV2. It is possible that I will use flawed LLM outputs in the 

projects 

PV3. It is expected that I will use flawed LLM outputs in the 

projects 

PV4. If I use flawed LLM outputs in my projects, my career will be 

at risk 

Rahi, S., Khan, M. M., & Alghizzawi, M. 

(2021). Factors influencing the adoption of 

telemedicine health services during COVID-

19 pandemic crisis: an integrative research 

model. Enterprise Information Systems, 

15(6), 769-793. 

Response Efficacy (RE) RE1. Implementing human oversight on Large Language Model 

(LLM) output effectively reduces the threat of flawed LLM outputs 

in projects. 

RE2. Using human oversight on LLM output will lower the 

probability of using flawed LLM outputs. 

RE3. Implementing human oversight on LLM output reduces the 

possibility of incorporating flawed LLM outputs in projects. 

 

Chenoweth, T., Minch, R., & Gattiker, T. 

(2009, January). Application of protection 

motivation theory to adoption of protective 

technologies. In 2009 42nd Hawaii 

International Conference on System Sciences 

(pp. 1-10). IEEE. 

Self-efficacy (SE) SE1: I have the ability to successfully implement human oversight 

on Large Language Model outputs without assistance from others. 

SE2: I am confident that I have the ability to properly maintain and 

conduct human oversight of Large Language Model outputs. 

SE3: I feel I can implement human oversight for Large Language 

Model outputs without making mistakes. 

could contact someone when I got stuck 

Chenoweth, T., Minch, R., & Gattiker, T. 

(2009, January). Application of protection 

motivation theory to adoption of protective 

technologies. In 2009 42nd Hawaii 

International Conference on System Sciences 

(pp. 1-10). IEEE. 

 

Response Cost (RC) RC1. There is too much overhead associated with implementing 

human oversight on LLM outputs in projects. 

RC2. It takes a considerable amount of time and effort to perform 

human oversight on LLM outputs. 

RC3. Human oversight on LLM output may cause distrustful 

outcome 

Fu, C. J., Silalahi, A. D. K., Huang, S. C., 

Phuong, D. T. T., Eunike, I. J., & Yu, Z. H. 

(2024). The (Un) Knowledgeable, the (Un) 

Skilled? Undertaking Chat-GPT Users’ 

Benefit-Risk-Coping Paradox in Higher 

Education Focusing on an Integrated, 

UTAUT and PMT. International Journal of 

Human–Computer Interaction, 1-31. 

Performance Expectancy (PE) PE1. I would find LLM useful in my job. 

PE2. Using LLM enables me to accomplish more tasks. 

Venkatesh, V., Morris, M. G., Davis, G. B., 

& Davis, F. D. (2003). User acceptance of 
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PE3. Using LLM increases my productivity. 

PE4. If I use LLM on my projects, I will increase my chances of 

getting a raise. 

information technology: Toward a unified 

view. MIS quarterly, 425-478. 

Task Efficiency (TE) TE1: I use LLM in my projects because it saves time completing 

my project tasks. 

TE2: I use LLM in my projects because it makes my project goal 

easier. 

TE3: I use LLM in my projects because it is useful for 

multitasking. 

Fu, C. J., Silalahi, A. D. K., Huang, S. C., 

Phuong, D. T. T., Eunike, I. J., & Yu, Z. H. 

(2024). The (Un) Knowledgeable, the (Un) 

Skilled? Undertaking Chat-GPT Users’ 

Benefit-Risk-Coping Paradox in Higher 

Education Focusing on an Integrated, 

UTAUT and PMT. International Journal of 

Human–Computer Interaction, 1-31. 

Effort Expectancy (EE) EE1. Learning how to use LLM is easy for me. 

EE2. My interaction with LLM is clear and understandable. 

EE3. I find LLM easy to use. 

EE4. It is easy for me to become skillful at using LLM. 

Venkatesh, V., Morris, M. G., Davis, G. B., 

& Davis, F. D. (2003). User acceptance of 

information technology: Toward a unified 

view. MIS quarterly, 425-478. 

Maladaptive Coping (MC) MC1. I try not to let the thought of flawed LLM outputs enter my 

mind 

MC2. I try not to think about the possibility of using flawed LLM 

outputs in my projects 

MC3. I try to ignore the possibility of using flawed LLM outputs 

Chenoweth, T., Minch, R., & Gattiker, T. 

(2009, January). Application of protection 

motivation theory to adoption of protective 

technologies. In 2009 42nd Hawaii 

International Conference on System Sciences 

(pp. 1-10). IEEE. 

Behavioral Intention (BI) BI1: I intent to use LLMs in my projects in the future 

BI2: I plan to use LLMs in my projects in the future 

BI3:. I predict I would use LLMs in my projects in the future 

Venkatesh, V., Morris, M. G., Davis, G. B., 

& Davis, F. D. (2003). User acceptance of 

information technology: Toward a unified 

view. MIS quarterly, 425-478. 

Actual Use (AU) Please choose your usage frequency for LLM in your projects Fu, C. J., Silalahi, A. D. K., Huang, S. C., 

Phuong, D. T. T., Eunike, I. J., & Yu, Z. H. 

(2024). The (Un) Knowledgeable, the (Un) 

Skilled? Undertaking Chat-GPT Users’ 

Benefit-Risk-Coping Paradox in Higher 

Education Focusing on an Integrated, 

UTAUT and PMT. International Journal of 

Human–Computer Interaction, 1-31. 
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APPENDIX C 

SURVEY QUESTIONS 

 

Specify your gender: Female, Male, Prefer Not to say  

Specify your age: • 22-25 • 25-29 • 30-35 • 36-41 • 42-50 • 51-60 • 60-65 

Your Education Level:  

• Primary/Middle School graduate  

• High school graduate  

• University student  

• Graduated from a Universty  

• Master’s/PhD student  

• Master’s/PhD graduate  

Please indicate how many years of total work experience you have:  

• Less than 3 years ()  

• 3 years or more, but less than 5 years () 

• 5 years or more, but less than 10 years () 

• 10 years or more, but less than 15 years () 

• More than 15 years ()  

What is your current position in your company?  

• Software Developer (Backend, Frontend, Full Stack, etc.)  

• Data Science Specialist  

• Product Owner  

• Business Analyst  

• DevOps Engineer  

• Quality Assurance (QA) Engineer  

• Project / Program Manager  

• Technical Lead  

Specify the industry your company operates in:  

• Financial Services  

• Technology, Media and Telecommunications  

• Energy, Infrastructure and Natural Resources  

• Retail and Consumer Products  

• Automotive  
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• Industrial Production  

• Construction and Engineering  

• Health  

• Transportation and Logistics  

• Private Equity  

• Government Policy  

• Pharmaceuticals and Life Sciences  

• Other  

In which country is your company based?  

Free text area 

# Indicators Likert Scale 

1 I would view the projects being affected by flawed Large 

Language Model (LLM) output as a serious problem. 

[1] [2] [3] [4] [5] [6] [7] 

2 Using flawed LLM outputs in the projects would be 

catastrophic. 

[1] [2] [3] [4] [5] [6] [7] 

3 Implementing flawed LLM outputs into the projects would 

have serious consequences. 

[1] [2] [3] [4] [5] [6] [7] 

4 I concern when projects are affected by using flawed LLM 

outputs 

[1] [2] [3] [4] [5] [6] [7] 

5 I concern when the use of flawed LLM outputs hinders the 

project quality in the development process. 

[1] [2] [3] [4] [5] [6] [7] 

6 I am scared that if I use flawed LLM outputs more frequently 

it will affect the project’s reliability. 

[1] [2] [3] [4] [5] [6] [7] 

7 It is likely that I will use flawed LLM outputs in the projects [1] [2] [3] [4] [5] [6] [7] 

8 It is possible that I will use flawed LLM outputs in the 

projects 

[1] [2] [3] [4] [5] [6] [7] 

9 It is expected that I will use flawed LLM outputs in the 

projects 

[1] [2] [3] [4] [5] [6] [7] 

10 If I use flawed LLM outputs in my projects, my career will be 

at risk 

[1] [2] [3] [4] [5] [6] [7] 

11 Implementing human oversight on Large Language Model 

(LLM) output effectively reduces the threat of flawed LLM 

outputs in projects. 

[1] [2] [3] [4] [5] [6] [7] 
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12 Using human oversight on LLM output will lower the 

probability of using flawed LLM outputs. 

[1] [2] [3] [4] [5] [6] [7] 

13 Implementing human oversight on LLM output reduces the 

possibility of incorporating flawed LLM outputs in projects. 

[1] [2] [3] [4] [5] [6] [7] 

14 Adopting Large Language Models will help me to develop 

cognitive ability 

[1] [2] [3] [4] [5] [6] [7] 

15 Implementing Large Language Models is an effective way to 

speed up completing my project 

[1] [2] [3] [4] [5] [6] [7] 

16 Enabling Large Language Models in projects is an effective 

way to gain new insights 

[1] [2] [3] [4] [5] [6] [7] 

17 I have the ability to successfully implement human oversight 

on LLM outputs without assistance from others. 

[1] [2] [3] [4] [5] [6] [7] 

18 I am confident that I have the ability to properly maintain and 

conduct human oversight of LLM outputs. 

[1] [2] [3] [4] [5] [6] [7] 

19 I feel I can implement human oversight for LLM outputs 

without making mistakes. 

[1] [2] [3] [4] [5] [6] [7] 

20 It would be easy for me to use Large Language Models in 

projects by myself 

[1] [2] [3] [4] [5] [6] [7] 

21 I could adopt Large Language Models in projects even though 

there is no one around to tell me what to do as I go. 

[1] [2] [3] [4] [5] [6] [7] 

22 I could adopt Large Language Models in projects if I could 

contact someone when I got stuck 

[1] [2] [3] [4] [5] [6] [7] 

23 There is too much overhead associated with implementing 

human oversight on Large Language Model (LLM) outputs in 

projects. 

[1] [2] [3] [4] [5] [6] [7] 

24 It takes a considerable amount of time and effort to perform 

human oversight on LLM outputs. 

[1] [2] [3] [4] [5] [6] [7] 

25 Human oversight on LLM output may cause distrustful 

outcome 
[1] [2] [3] [4] [5] [6] [7] 

26 I would find LLM useful in my job. [1] [2] [3] [4] [5] [6] [7] 

27 Using LLM enables me to accomplish more tasks. [1] [2] [3] [4] [5] [6] [7] 

28 Using LLM increases my productivity. [1] [2] [3] [4] [5] [6] [7] 
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29 If I use LLM on my projects, I will increase my chances of 

getting a raise. 

[1] [2] [3] [4] [5] [6] [7] 

30 I use  Large Language Model (LLM) in my projects because it 

saves time completing my project tasks. 

[1] [2] [3] [4] [5] [6] [7] 

31 I use LLM in my projects because it makes my project goal 

easier. 

[1] [2] [3] [4] [5] [6] [7] 

32 I use LLM in my projects because it is useful for multitasking. [1] [2] [3] [4] [5] [6] [7] 

33 Learning how to use LLM is easy for me. [1] [2] [3] [4] [5] [6] [7] 

34 My interaction with LLM is clear and understandable. [1] [2] [3] [4] [5] [6] [7] 

35 I find LLM easy to use. [1] [2] [3] [4] [5] [6] [7] 

36 It is easy for me to become skillful at using LLM. [1] [2] [3] [4] [5] [6] [7] 

37 I try not to let the thought of flawed Large Language Model 

(LLM) outputs enter my mind 

[1] [2] [3] [4] [5] [6] [7] 

38 I try not to think about the possibility of using flawed LLM 

outputs in my projects 

[1] [2] [3] [4] [5] [6] [7] 

39 I try to ignore the possibility of using flawed LLM outputs [1] [2] [3] [4] [5] [6] [7] 

40 I intend to use Large Language Models (LLMs) frequently in 

my projects. 

[1] [2] [3] [4] [5] [6] [7] 

41 I plan to integrate LLMs more extensively in my projects. [1] [2] [3] [4] [5] [6] [7] 

42 Whenever appropriate, I intend to utilize LLMs in my 

projects. 

[1] [2] [3] [4] [5] [6] [7] 

43 I expect to continue incorporating LLMs in my projects. [1] [2] [3] [4] [5] [6] [7] 

44 I intent to use LLMs in my projects in the future [1] [2] [3] [4] [5] [6] [7] 

45 I plan to use LLMs in my projects in the future [1] [2] [3] [4] [5] [6] [7] 

46 I predict I would use LLMs in my projects in the future [1] [2] [3] [4] [5] [6] [7] 

47 Please choose your usage frequency for LLM in your projects Never 
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Once a month 

Several times a month 

Once a week 

Several times a week 

Once a day 

Several times a day 
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APPENDIX D 

COMBINED LOADINGS AND CROSS-LOADINGS 

 

  PS PV RE SE RC PE EE TE MC BI AU 

PS4 0,897 -0,01 0,033 -0,075 0,047 0,122 0,096 -0,137 -0,025 -0,144 0,04 

PS5 0,893 -0,078 0,085 0,06 0,091 -0,035 -0,073 0,032 0,045 -0,061 0,125 

PS6 0,839 0,094 -0,125 0,016 -0,148 -0,093 -0,025 0,113 -0,022 0,219 -0,176 

PV1 -0,048 0,898 -0,071 -0,134 0,082 0,05 0,03 0,063 -0,064 -0,006 0,036 

PV2 0,022 0,915 0,032 0,005 -0,027 0,123 -0,017 -0,212 0,007 0,026 -0,026 

PV3 0,027 0,86 0,04 0,135 -0,056 -0,183 -0,013 0,16 0,059 -0,021 -0,01 

RE1 -0,013 -0,03 0,851 0,179 0,026 0,209 -0,082 -0,086 -0,026 -0,059 0,048 

RE2 0,111 -0,012 0,835 -0,201 0,012 0,003 0,114 0,039 0,038 -0,045 -0,037 

RE3 -0,089 0,039 0,915 0,017 -0,035 -0,197 -0,027 0,044 -0,011 0,096 -0,011 

SE1 0,051 0,053 -0,023 0,896 -0,018 0,041 -0,22 -0,149 -0,039 0,08 0,14 

SE2 0,019 0,015 0,082 0,926 0,027 0,126 -0,002 -0,115 0,003 -0,029 0,104 

SE3 -0,074 -0,072 -0,065 0,854 -0,011 -0,179 0,233 0,281 0,038 -0,052 -0,26 

RC1 -0,1 0,003 0,136 -0,119 0,851 0,086 0,146 -0,07 -0,124 -0,129 0,068 

RC2 0,079 -0,084 0,01 0,076 0,893 0,152 -0,065 -0,081 0,064 -0,06 0,009 

RC3 0,022 0,11 -0,187 0,051 0,663 -0,316 -0,099 0,198 0,072 0,247 -0,098 

PE1 0,026 0,053 0,004 0,002 -0,061 0,943 0,012 -0,129 -0,013 0,151 -0,021 

PE2 -0,026 -0,053 -0,004 -0,002 0,061 0,943 -0,012 0,129 0,013 -0,151 0,021 

EE1 0,038 -0,057 0,007 0,106 0,019 0,357 0,889 -0,132 0,02 -0,043 0,127 

EE2 0,097 -0,049 0,002 -0,05 -0,028 -0,088 0,93 0,075 0,035 0,032 -0,04 

EE3 -0,018 0,062 -0,003 -0,063 -0,012 -0,159 0,934 0,002 -0,061 0,059 -0,06 

EE4 -0,119 0,042 -0,007 0,013 0,022 -0,096 0,904 0,051 0,008 -0,051 -0,021 
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TE1 -0,01 -0,01 0,043 0,017 0,069 0,238 -0,019 0,909 -0,018 0,036 0,102 

TE2 0,007 0,049 -0,012 -0,108 -0,013 0,046 0,017 0,937 -0,021 0,059 0,009 

TE3 0,003 -0,041 -0,031 0,095 -0,056 -0,288 0,001 0,902 0,04 -0,098 -0,112 

MC1 0,04 -0,053 0,024 0,075 0,028 -0,4 0,03 0,331 0,826 -0,035 0,113 

MC2 0,038 0,077 -0,017 0,006 -0,061 0,138 -0,049 -0,101 0,901 0,084 -0,058 

MC3 -0,076 -0,029 -0,005 -0,076 0,036 0,231 0,021 -0,205 0,89 -0,053 -0,046 

BI5 -0,006 0,039 -0,014 0,014 -0,023 -0,081 0,073 0,144 -0,017 0,93 -0,113 

BI6 0,021 0,001 -0,015 -0,023 -0,014 0,056 0,021 0,008 0,024 0,955 0,05 

BI7 -0,016 -0,041 0,03 0,01 0,038 0,024 -0,096 -0,153 -0,007 0,922 0,063 

AU 0 0 0 0 0 0 0 0 0 0 1.000 

 

Combined loadings and cross-loadings P Values 

  Type SE P value 

PS4 Reflect 0,067 <0,001 

PS5 Reflect 0,067 <0,001 

PS6 Reflect 0,068 <0,001 

PV1 Reflect 0,067 <0,001 

PV2 Reflect 0,066 <0,001 

PV3 Reflect 0,067 <0,001 

RE1 Reflect 0,067 <0,001 

RE2 Reflect 0,068 <0,001 

RE3 Reflect 0,066 <0,001 

SE1 Reflect 0,067 <0,001 

SE2 Reflect 0,066 <0,001 
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SE3 Reflect 0,067 <0,001 

RC1 Reflect 0,067 <0,001 

RC2 Reflect 0,067 <0,001 

RC3 Reflect 0,07 <0,001 

PE1 Reflect 0,066 <0,001 

PE2 Reflect 0,066 <0,001 

EE1 Reflect 0,067 <0,001 

EE2 Reflect 0,066 <0,001 

EE3 Reflect 0,066 <0,001 

EE4 Reflect 0,067 <0,001 

TE1 Reflect 0,067 <0,001 

TE2 Reflect 0,066 <0,001 

TE3 Reflect 0,067 <0,001 

MC1 Reflect 0,068 <0,001 

MC2 Reflect 0,067 <0,001 

MC3 Reflect 0,067 <0,001 

BI5 Reflect 0,066 <0,001 

BI6 Reflect 0,066 <0,001 

BI7 Reflect 0,066 <0,001 

ACTUAL_USE Reflect 0,065 <0,001 
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APPENDIX E 

ETHICS COMMITTEE APPROVAL 
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